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Chapter 1

Signals and Systems in Communications

1.1 Signals

1.1.1 Signal Classifications and Properties’
1.1.1.1 Introduction

This module will begin our study of signals and systems by laying out some of the fundamentals of signal clas-
sification. It is essentially an introduction to the important definitions and properties that are fundamental
to the discussion of signals and systems, with a brief discussion of each.

1.1.1.2 Classifications of Signals
1.1.1.2.1 Continuous-Time vs. Discrete-Time

As the names suggest, this classification is determined by whether or not the time axis is discrete (countable)
or continuous (Figure 1.1). A continuous-time signal will contain a value for all real numbers along the
time axis. In contrast to this, a discrete-time signal (Section 1.1.6), often created by sampling a continuous
signal, will only have values at equally spaced intervals along the time axis.

A

.
e

this axis continuous
or discrete

Figure 1.1

LThis content is available online at <http://cnx.org/content/m10057,/2.23/>.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>

1



2 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

1.1.1.2.2 Analog vs. Digital

The difference between analog and digital is similar to the difference between continuous-time and discrete-
time. However, in this case the difference involves the values of the function. Analog corresponds to a
continuous set of possible function values, while digital corresponds to a discrete set of possible function
values. An common example of a digital signal is a binary sequence, where the values of the function can
only be one or zero.

this axis continuous
or discrete

S
-

Figure 1.2

1.1.1.2.3 Periodic vs. Aperiodic
Periodic signals? repeat with some period T, while aperiodic, or nonperiodic, signals do not (Figure 1.3).
We can define a periodic function through the following mathematical expression, where ¢ can be any number
and T is a positive constant:

fO)=ft+7) (1.1)

fundamental period of our function, f (¢), is the smallest value of T" that the still allows (1.1) to be true.

A= aVeaAVaar
(a)

l N t

(b)

Figure 1.3: (a) A periodic signal with period Tp (b) An aperiodic signal

2"Continuous Time Periodic Signals" <http://cnx.org/content/m10744 /latest/>
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1.1.1.2.4 Finite vs. Infinite Length

Another way of classifying a signal is in terms of its length along its time axis. Is the signal defined for all
possible values of time, or for only certain values of time? Mathematically speaking, f (¢) is a finite-length
signal if it is defined only over a finite interval

t1 <t<to
where t; < t5. Similarly, an infinite-length signal, f (¢), is defined for all values:

—o0 <t < oo

1.1.1.2.5 Causal vs. Anticausal vs. Noncausal

Causal signals are signals that are zero for all negative time, while anticausal are signals that are zero for
all positive time. Noncausal signals are signals that have nonzero values in both positive and negative time
(Figure 1.4).

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS
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Figure 1.4: (a) A causal signal (b) An anticausal signal (c) A noncausal signal

1.1.1.2.6 Even vs. Odd

An even signal is any signal f such that f(¢) = f(—t). Even signals can be easily spotted as they
are symmetric around the vertical axis. An odd signal, on the other hand, is a signal f such that

f () =—f(—t) (Figure 1.5).

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



fe(t)

(b)

Figure 1.5: (a) An even signal (b) An odd signal

Using the definitions of even and odd signals, we can show that any signal can be written as a combination
of an even and odd signal. That is, every signal has an odd-even decomposition. To demonstrate this, we
have to look no further than a single equation.

1 1

FO)=5FO+F0))+5(F 1)~ F(=1)) (1.2)

By multiplying and adding this expression out, it can be shown to be true. Also, it can be shown that
f (&) + f (—t) fulfills the requirement of an even function, while f (¢t) — f (—t) fulfills the requirement of an
odd function (Figure 1.6).

Example 1.1

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS
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Figure 1.6: (a) Thiabigtfal free willodacenipese lisipg edd-eneadesonipnsirion) (13)-Even part: e (t) =
5 (F(®) + f(=t)) (c) Odd part: o(t) = 3 (f (t) — f (~t)) (d) Check: e(t) +o(t) = f(t)



1.1.1.2.7 Deterministic vs. Random

A deterministic signal is a signal in which each value of the signal is fixed, being determined by a
mathematical expression, rule, or table. On the other hand, the values of a random signal® are not strictly
defined, but are subject to some amount of variability.
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(b)

Figure 1.7: (a) Deterministic Signal (b) Random Signal

Example 1.2
Consider the signal defined for all real ¢ described by

sin(2nt) /t t>1
0 t<1

f)=A{ (1.3)

This signal is continuous time, analog, aperiodic, infinite length, causal, neither even nor odd, and,
by definition, deterministic.

1.1.1.3 Signal Classifications Summary

This module describes just some of the many ways in which signals can be classified. They can be continuous
time or discrete time, analog or digital, periodic or aperiodic, finite or infinite, and deterministic or random.
We can also divide them based on their causality and symmetry properties.

1.1.2 Signal Operations®
1.1.2.1 Introduction

This module will look at two signal operations affecting the time parameter of the signal, time shifting and
time scaling. These operations are very common components to real-world systems and, as such, should be
understood thoroughly when learning about signals and systems.

3"Introduction to Random Signals and Processes" <http://cnx.org/content/m10649/latest/>
4This content is available online at <http://cnx.org/content/m10125/2.18/>.
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8 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

1.1.2.2 Manipulating the Time Parameter
1.1.2.2.1 Time Shifting

Time shifting is, as the name suggests, the shifting of a signal in time. This is done by adding or subtracting
a quantity of the shift to the time variable in the function. Subtracting a fixed positive quantity from the
time variable will shift the signal to the right (delay) by the subtracted quantity, while adding a fixed positive
amount to the time variable will shift the signal to the left (advance) by the added quantity.

f(t) fix-T)
T '

1

. AN

eT s

7

Figure 1.8: f (¢t —T) moves (delays) f to the right by 7'

1.1.2.2.2 Time Scaling

Time scaling compresses or dilates a signal by multiplying the time variable by some quantity. If that
quantity is greater than one, the signal becomes narrower and the operation is called compression, while if
the quantity is less than one, the signal becomes wider and is called dilation.

fit) flat) flat)

I/\ > L\ > P\a
a=1 a<l
compression dilation

Figure 1.9: f (at) compresses f by a.

Example 1.3
Given f (t) we woul like to plot f (at — b). The figure below describes a method to accomplish this.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



f(t) f(at)
T T~
N AN
b -~ -~
(a) (b)
flat-b)
T

Figure 1.10: (a) Begin with f (¢) (b) Then replace ¢ with at to get f (at) (c¢) Finally, replace t with
t—2toget f(a(t—2))=f(at—0)

1.1.2.2.3 Time Reversal

A natural question to consider when learning about time scaling is: What happens when the time variable
is multiplied by a negative number? The answer to this is time reversal. This operation is the reversal of

the time axis, or flipping the signal over the y-axis.

fre) f(-t)

—

Figure 1.11: Reverse the time axis

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



10 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

1.1.2.3 Time Scaling and Shifting Demonstration

Shifting and Scaling Drill

A il
t { 1
Show Answer (#[t]) Equation : Show Answer (B[t Plot :
Show Guess (¥t Equation : Show Guess (¥It) Plot E
B(t) =ri-1o) B(t) =
{ New Test 3
A W[t-1g ]
10
nar
KN
04t
nar
L x
-1 0 1 2 3 4

Figure 1.12: Download® or Interact (when online) with a Mathematica CDF demonstrating Discrete
Harmonic Sinusoids.

1.1.2.4 Signal Operations Summary

Some common operations on signals affect the time parameter of the signal. One of these is time shifting in
which a quantity is added to the time parameter in order to advance or delay the signal. Another is the time
scaling in which the time parameter is multiplied by a quantity in order to dilate or compress the signal in
time. In the event that the quantity involved in the latter operation is negative, time reversal occurs.

1.1.3 Common Continuous Time Signals’
1.1.3.1 Introduction

Before looking at this module, hopefully you have an idea of what a signal is and what basic classifications
and properties a signal can have. In review, a signal is a function defined with respect to an independent
variable. This variable is often time but could represent any number of things. Mathematically, continuous

5See the file at <http://cnx.org/content/m10125/latest/TimeshifterDrill _display.cdf>
6This content is available online at <http://cnx.org/content/m10058/2.17/>.
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time analog signals have continuous independent and dependent variables. This module will describe some
useful continuous time analog signals.

1.1.3.2 Important Continuous Time Signals

1.1.3.2.1 Sinusoids

One of the most important elemental signal that you will deal with is the real-valued sinusoid. In its
continuous-time form, we write the general expression as

Acos (wt + ¢) (1.4)
where A is the amplitude, w is the frequency, and ¢ is the phase. Thus, the period of the sinusoid is
27
T=— 1.5
. (15)

| i-'| Ulhll'il'.-flll

2 ] 1.
=13 =1 =3 0 3 0 15

Figure 1.13: Sinusoid with A =2, w =2, and ¢ = 0.

1.1.3.2.2 Complex Exponentials

As important as the general sinusoid, the complex exponential function will become a critical part of your
study of signals and systems. Its general continuous form is written as

Aest (1.6)

where s = 0 4 jw is a complex number in terms of o, the attenuation constant, and w the angular frequency.

1.1.3.2.3 Unit Impulses

The unit impulse function, also known as the Dirac delta function, is a signal that has infinite height and
infinitesimal width. However, because of the way it is defined, it integrates to one. While this signal is useful
for the understanding of many concepts, a formal understanding of its definition more involved. The unit
impulse is commonly denoted ¢ (¢).

More detail is provided in the section on the continuous time impulse function. For now, it suffices to
say that this signal is crucially important in the study of continuous signals, as it allows the sifting property
to be used in signal representation and signal decomposition.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



12 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

1.1.3.2.4 Unit Step

Another very basic signal is the unit-step function that is defined as

0if t<O
w@y=4 " (1.7)
1if ¢t>0

< >t

Figure 1.14: Continuous-Time Unit-Step Function

The step function is a useful tool for testing and for defining other signals. For example, when different
shifted versions of the step function are multiplied by other signals, one can select a certain portion of the
signal and zero out the rest.

1.1.3.3 Common Continuous Time Signals Summary

Some of the most important and most frequently encountered signals have been discussed in this module.
There are, of course, many other signals of significant consequence not discussed here. As you will see later,
many of the other more complicated signals will be studied in terms of those listed here. Especially take
note of the complex exponentials and unit impulse functions, which will be the key focus of several topics
included in this course.

1.1.4 Continuous Time Impulse Function’
1.1.4.1 Introduction

In engineering, we often deal with the idea of an action occurring at a point. Whether it be a force at
a point in space or some other signal at a point in time, it becomes worth while to develop some way of
quantitatively defining this. This leads us to the idea of a unit impulse, probably the second most important
function, next to the complex exponential, in this systems and signals course.

1.1.4.2 Dirac Delta Function

The Dirac delta function, often referred to as the unit impulse or delta function, is the function that
defines the idea of a unit impulse in continuous-time. Informally, this function is one that is infinitesimally

"This content is available online at <http://cnx.org/content/m10059/2.27/>.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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narrow, infinitely tall, yet integrates to one. Perhaps the simplest way to visualize this is as a rectangular
pulse from a — § to a + § with a height of % As we take the limit of this setup as € approaches 0, we see
that the width tends to zero and the height tends to infinity as the total area remains constant at one. The
impulse function is often written as ¢ (t).

/oo S(t)dt =1 (1.8)

M e

W

-£2 | &2

Figure 1.15: This is one way to visualize the Dirac Delta Function.

R

Figure 1.16: Since it is quite difficult to draw something that is infinitely tall, we represent the Dirac
with an arrow centered at the point it is applied. If we wish to scale it, we may write the value it is
scaled by next to the point of the arrow. This is a unit impulse (no scaling).

Below is a brief list a few important properties of the unit impulse without going into detail of their
proofs.

Unit Impulse Properties

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



14 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

o d(at)= 36 (t)

o O(t)=0(-1)

o §(t) = %u(t), where u(t) is the unit step.
o [(®)d(t)=r(0)0(t)

The last of these is especially important as it gives rise to the sifting property of the dirac delta function, which
selects the value of a function at a specific time and is especially important in studying the relationship of an
operation called convolution to time domain analysis of linear time invariant systems. The sifting property
is shown and derived below.

[ rwswa= [ soswa=s0) [ swa=ro (1.9)

1.1.4.3 Unit Impulse Limiting Demonstration

Continuous Time Impulse
width o » 1.

f(t) =unitBaxi: Widi

n4r
02

=10 =05 EL 05 1.0

Figure 1.17: Click on the above thumbnail image (when online) to download an interactive Mathematica
Player demonstrating the Continuous Time Impulse Function.

1.1.4.4 Continuous Time Unit Impulse Summary

The continuous time unit impulse function, also known as the Dirac delta function, is of great importance
to the study of signals and systems. Informally, it is a function with infinite height ant infinitesimal width
that integrates to one, which can be viewed as the limiting behavior of a unit area rectangle as it narrows
while preserving area. It has several important properties that will appear again when studying systems.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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1.1.5 Continuous Time Complex Exponential®

1.1.5.1 Introduction

Complex exponentials are some of the most important functions in our study of signals and systems. Their
importance stems from their status as eigenfunctions of linear time invariant systems. Before proceeding,
you should be familiar with complex numbers.

1.1.5.2 The Continuous Time Complex Exponential

1.1.5.2.1 Complex Exponentials

The complex exponential function will become a critical part of your study of signals and systems. Its general

continuous form is written as
Ae’t (1.10)

where s = 0 +iw is a complex number in terms of o, the attenuation constant, and w the angular frequency.

1.1.5.2.2 Euler’s Formula
The mathematician Euler proved an important identity relating complex exponentials to trigonometric func-
tions. Specifically, he discovered the eponymously named identity, Euler’s formula, which states that

&% = cos (z) + jsin (z) (1.11)

which can be proven as follows.
In order to prove Euler’s formula, we start by evaluating the Taylor series for e* about z = 0, which
converges for all complex z, at z = jz. The result is

. 00 iz k
el =2 k=0 (Jk!)
0o k g2k =00 ke g2k+1
= Ynco (=1 Gy 7 X0 (1) ey (1.12)
= cos (x) + jsin (x)

because the second expression contains the Taylor series for cos (x) and sin (x) about ¢ = 0, which converge
for all real x. Thus, the desired result is proven.
Choosing x = wt this gives the result

eI¥t = cos (wt) + jsin (wt) (1.13)

which breaks a continuous time complex exponential into its real part and imaginary part. Using this
formula, we can also derive the following relationships.

cos (wt) = —el“t 4 —e It (1.14)
2 2
1 . 1 .
in (wt) = —elt — —e It 1.15
sin (wt) 2je 2je (1.15)

8This content is available online at <http://cnx.org/content/m10060/2.25/>.
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16 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

1.1.5.2.3 Continuous Time Phasors

It has been shown how the complex exponential with purely imaginary frequency can be broken up into
its real part and its imaginary part. Now consider a general complex frequency s = o + wj where o is the
attenuation factor and w is the frequency. Also consider a phase difference 6. It follows that

elTHINHI0 — ot (cos (Wt + 0) + jsin (wt + 0)). (1.16)

Thus, the real and imaginary parts of e*! appear below.

Re{e7T1tHi0) — eoteos (wt + ) (1.17)

Im{ el — olgin (wt + 0) (1.18)

Using the real or imaginary parts of complex exponential to represent sinusoids with a phase delay multiplied
by real exponential is often useful and is called attenuated phasor notation.

We can see that both the real part and the imaginary part have a sinusoid times a real exponential. We
also know that sinusoids oscillate between one and negative one. From this it becomes apparent that the
real and imaginary parts of the complex exponential will each oscillate within an envelope defined by the
real exponential part.

AMNAL.
UAVARVALVS

(c)

Figure 1.18: The shapes possible for the real part of a complex exponential. Notice that the oscillations
are the result of a cosine, as there is a local maximum at ¢ = 0. (a) If o is negative, we have the case of
a decaying exponential window. (b) If ¢ is positive, we have the case of a growing exponential window.
(¢) If o is zero, we have the case of a constant window.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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1.1.5.3 Complex Exponential Demonstration

Continuous-time complex sinusoids and complex exponentials

A continuous time complex sinusoid of the form £, Vary 1t with the slider. What is the period of the function when {1 =17 27 27 217

Plot [mm Imaginary part Bmh]

O
a =

Real component of e'ﬂr, 0} = 4.9 radians/sec
10
) /\ /\ /\ A
00 L L " L L
2 3 4 5
o \/ \/ \/ \/ \/
10k

A continuous time complex exponential of the form &, vary s by using the crosshair locator on the left part of the plot. The right side shows the
resulting function. What happens when you vary the Re[s] (horizontal) component? The Im(s] (vertical) component?

tn

in

Real (red) and imagina.rg (blue) components of e™
10~

Im[s]

Rels]

- & B T =

Figure 1.19: Interact (when online) with a Mathematica CDF demonstrating the Continuous Time
Complex Exponential. To Download, right-click and save target as .cdf.

1.1.5.4 Continuous Time Complex Exponential Summary

Continuous time complex exponentials are signals of great importance to the study of signals and systems.
They can be related to sinusoids through Euler’s formula, which identifies the real and imaginary parts of
purely imaginary complex exponentials. Eulers formula reveals that, in general, the real and imaginary parts
of complex exponentials are sinusoids multiplied by real exponentials. Thus, attenuated phasor notation is
often useful in studying these signals.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



18 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

1.1.6 Discrete-Time Signals’

So far, we have treated what are known as analog signals and systems. Mathematically, analog signals are
functions having continuous quantities as their independent variables, such as space and time. Discrete-time
signals!® are functions defined on the integers; they are sequences. One of the fundamental results of signal
theory'! will detail conditions under which an analog signal can be converted into a discrete-time one and
retrieved without error. This result is important because discrete-time signals can be manipulated by
systems instantiated as computer programs. Subsequent modules describe how virtually all analog signal
processing can be performed with software.

As important as such results are, discrete-time signals are more general, encompassing signals derived
from analog ones and signals that aren’t. For example, the characters forming a text file form a sequence,
which is also a discrete-time signal. We must deal with such symbolic valued!? signals and systems as well.

As with analog signals, we seek ways of decomposing real-valued discrete-time signals into simpler com-
ponents. With this approach leading to a better understanding of signal structure, we can exploit that
structure to represent information (create ways of representing information with signals) and to extract in-
formation (retrieve the information thus represented). For symbolic-valued signals, the approach is different:
We develop a common representation of all symbolic-valued signals so that we can embody the information
they contain in a unified way. From an information representation perspective, the most important issue
becomes, for both real-valued and symbolic-valued signals, efficiency; What is the most parsimonious and
compact way to represent information so that it can be extracted later.

1.1.6.1 Real- and Complex-valued Signals

A discrete-time signal is represented symbolically as s (n), where n = {...,—1,0,1,...}. We usually draw
discrete-time signals as stem plots to emphasize the fact they are functions defined only on the integers.
We can delay a discrete-time signal by an integer just as with analog ones. A delayed unit sample has the
expression 0 (n —m), and equals one when n = m.

Discrete-Time Cosine Signal

Sn

S

Figure 1.20: The discrete-time cosine signal is plotted as a stem plot. Can you find the formula for
this signal?

9This content is available online at <http://cnx.org/content/m0009/2.24/>.
10"Discrete-Time Signals and Systems" <http://cnx.org/content/m10342/latest/>

1 The Sampling Theorem" <http://cnx.org/content/m0050/latest/ >

12nDiscrete-Time Signals and Systems" <http://cnx.org/content/m10342/latest/#parall>
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1.1.6.2 Complex Exponentials

The most important signal is, of course, the complex exponential sequence.

s(n) = e (1.19)

1.1.6.3 Sinusoids

Discrete-time sinusoids have the obvious form s(n) = Acos (2w fn + ¢). As opposed to analog complex
exponentials and sinusoids that can have their frequencies be any real value, frequencies of their discrete-
time counterparts yield unique waveforms only when f lies in the interval (—%, %] This property can be
easily understood by noting that adding an integer to the frequency of the discrete-time complex exponential

has no effect on the signal’s value.

6i27r(f+rn)n —  eli2nfngi2rmn

1.20
ei27rfn ( )

This derivation follows because the complex exponential evaluated at an integer multiple of 27 equals one.

1.1.6.4 Unit Sample
The second-most important discrete-time signal is the unit sample, which is defined to be
1if n=0

d(n)= (1.21)
0 otherwise

Unit Sample
dn

Figure 1.21: The unit sample.

Examination of a discrete-time signal’s plot, like that of the cosine signal shown in Figure 1.20 (Discrete-
Time Cosine Signal), reveals that all signals consist of a sequence of delayed and scaled unit samples. Because
the value of a sequence at each integer m is denoted by s (m) and the unit sample delayed to occur at m is
written 0 (n — m), we can decompose any signal as a sum of unit samples delayed to the appropriate location

and scaled by the signal value.
oo

s(n) = Z s(m)d(n—m) (1.22)

m=—0oo

This kind of decomposition is unique to discrete-time signals, and will prove useful subsequently.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



20 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

Discrete-time systems can act on discrete-time signals in ways similar to those found in analog signals
and systems. Because of the role of software in discrete-time systems, many more different systems can
be envisioned and “constructed” with programs than can be with analog signals. In fact, a special class of
analog signals can be converted into discrete-time signals, processed with software, and converted back into
an analog signal, all without the incursion of error. For such signals, systems can be easily produced in
software, with equivalent analog realizations difficult, if not impossible, to design.

1.1.6.5 Symbolic-valued Signals

Another interesting aspect of discrete-time signals is that their values do not need to be real numbers. We
do have real-valued discrete-time signals like the sinusoid, but we also have signals that denote the sequence
of characters typed on the keyboard. Such characters certainly aren’t real numbers, and as a collection of
possible signal values, they have little mathematical structure other than that they are members of a set.
More formally, each element of the symbolic-valued signal s (n) takes on one of the values {a1, ..., ax} which
comprise the alphabet A. This technical terminology does not mean we restrict symbols to being mem-
bers of the English or Greek alphabet. They could represent keyboard characters, bytes (8-bit quantities),
integers that convey daily temperature. Whether controlled by software or not, discrete-time systems are
ultimately constructed from digital circuits, which consist entirely of analog circuit elements. Furthermore,
the transmission and reception of discrete-time signals, like e-mail, is accomplished with analog signals and
systems. Understanding how discrete-time and analog signals and systems intertwine is perhaps the main
goal of this course.
[MEDIA OBJECT|'?

1.2 Systems

1.2.1 System Classifications and Properties'
1.2.1.1 Introduction

In this module some of the basic classifications of systems will be briefly introduced and the most important
properties of these systems are explained. As can be seen, the properties of a system provide an easy way
to distinguish one system from another. Understanding these basic differences between systems, and their
properties, will be a fundamental concept used in all signal and system courses. Once a set of systems can be
identified as sharing particular properties, one no longer has to reprove a certain characteristic of a system
each time, but it can simply be known due to the the system classification.

1.2.1.2 Classification of Systems
1.2.1.2.1 Continuous vs. Discrete

One of the most important distinctions to understand is the difference between discrete time and continuous
time systems. A system in which the input signal and output signal both have continuous domains is said
to be a continuous system. One in which the input signal and output signal both have discrete domains is
said to be a discrete system. Of course, it is possible to conceive of signals that belong to neither category,
such as systems in which sampling of a continuous time signal or reconstruction from a discrete time signal
take place.

13This media object is a LabVIEW VI. Please view or download it at
<SignalApprox.llb>
14This content is available online at <http://cnx.org/content/m10084,2.24/>.
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1.2.1.2.2 Linear vs. Nonlinear

A linear system is any system that obeys the properties of scaling (first order homogeneity) and superposition
(additivity) further described below. A nonlinear system is any system that does not have at least one of

these properties.
To show that a system H obeys the scaling property is to show that

H (kf(t)) = kH (f (1)) (1.23)

ft) — R@—H—=Yt) =gy — H—Q—¥)

K K

Figure 1.22: A block diagram demounstrating the scaling property of linearity

To demonstrate that a system H obeys the superposition property of linearity is to show that

H(f @)+ f2(t) = H(f1 () +H (f2 (1) (1.24)

PN f,— [H
®-[
f, dh f,—H

:
|||

il
@—)F
___ 1

Figure 1.23: A block diagram demonstrating the superposition property of linearity

It is possible to check a system for linearity in a single (though larger) step. To do this, simply combine
the first two steps to get

H (kyfy (t) + kafo (t) = ki H (f1 (t) + ko H (f2 (1)) (1.25)
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1.2.1.2.3 Time Invariant vs. Time Varying
A system is said to be time invariant if it commutes with the parameter shift operator defined by St (f (¢)) =
f({t—=1T) for all T, which is to say

HSy = SpH (1.26)

for all real T'. Intuitively, that means that for any input function that produces some output function, any
time shift of that input function will produce an output function identical in every way except that it is
shifted by the same amount. Any system that does not have this property is said to be time varying.

fi1) }A S| H|— vty = fin —> | H %&% y (+T)

f{t=T) i it

Figure 1.24: This block diagram shows what the condition for time invariance. The output is the
same whether the delay is put on the input or the output.

1.2.1.2.4 Causal vs. Noncausal

A causal system is one in which the output depends only on current or past inputs, but not future inputs.
Similarly, an anticausal system is one in which the output depends only on current or future inputs, but not
past inputs. Finally, a noncausal system is one in which the output depends on both past and future inputs.
All "realtime" systems must be causal, since they can not have future inputs available to them.

One may think the idea of future inputs does not seem to make much physical sense; however, we have
only been dealing with time as our dependent variable so far, which is not always the case. Imagine rather
that we wanted to do image processing. Then the dependent variable might represent pixel positions to the
left and right (the "future") of the current position on the image, and we would not necessarily have a causal
system.
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Figure 1.25: (a) For a typical system to be causal... (b) ...the output at time to, y (to), can only
depend on the portion of the input signal before to.

1.2.1.2.5 Stable vs. Unstable

There are several definitions of stability, but the one that will be used most frequently in this course will
be bounded input, bounded output (BIBO) stability. In this context, a stable system is one in which the
output is bounded if the input is also bounded. Similarly, an unstable system is one in which at least one
bounded input produces an unbounded output.

Representing this mathematically, a stable system must have the following property, where z (¢) is the
input and y (¢) is the output. The output must satisfy the condition

ly(t)| < My < o0 (1.27)
whenever we have an input to the system that satisfies
|z (t)] < M, < o0 (1.28)

M, and M, both represent a set of finite positive numbers and these relationships hold for all of . Otherwise,
the system is unstable.

1.2.1.3 System Classifications Summary

This module describes just some of the many ways in which systems can be classified. Systems can be
continuous time, discrete time, or neither. They can be linear or nonlinear, time invariant or time varying,
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and stable or unstable. We can also divide them based on their causality properties. There are other ways
to classify systems, such as use of memory, that are not discussed here but will be described in subsequent
modules.

1.2.2 Linear Time Invariant Systems'’
1.2.2.1 Introduction

Linearity and time invariance are two system properties that greatly simplify the study of systems that exhibit
them. In our study of signals and systems, we will be especially interested in systems that demonstrate both
of these properties, which together allow the use of some of the most powerful tools of signal processing.

1.2.2.2 Linear Time Invariant Systems

1.2.2.2.1 Linear Systems

If a system is linear, this means that when an input to a given system is scaled by a value, the output of the
system is scaled by the same amount.

Linear Scaling

r—a I |l—v¥ ar — I, |— of

Figure 1.26

In Figure 1.26(a) above, an input x to the linear system L gives the output y. If z is scaled by a value
a and passed through this same system, as in Figure 1.26(b), the output will also be scaled by «.

A linear system also obeys the principle of superposition. This means that if two inputs are added
together and passed through a linear system, the output will be the sum of the individual inputs’ outputs.

T —p L - 1 T ——p L e S

Figure 1.27

15This content is available online at <http://cnx.org/content/m2102,/2.26/>.
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Superposition Principle

X+ g = L ity

Figure 1.28: If Figure 1.27 is true, then the principle of superposition says that Figure 1.28 (Superpo-
sition Principle) is true as well. This holds for linear systems.

That is, if Figure 1.27 is true, then Figure 1.28 (Superposition Principle) is also true for a linear system.
The scaling property mentioned above still holds in conjunction with the superposition principle. Therefore,
if the inputs x and y are scaled by factors o and f, respectively, then the sum of these scaled inputs will
give the sum of the individual scaled outputs:

ar; —| I, |—s Aryg —| L |— i

Figure 1.29

Superposition Principle with Linear Scaling

ar + Jry —— L — aj1 + Fya

Figure 1.30: Given Figure 1.29 for a linear system, Figure 1.30 (Superposition Principle with Linear
Scaling) holds as well.
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Example 1.4
Consider the system H; in which
Hy (f(2) =tf (t) (1.29)
for all signals f. Given any two signals f, g and scalars a,b
Hy (af (t) +bg (1)) = t(af (t) +bg (t)) = atf (t) + btg (t) = aHy (f (t)) + bH: (g (t)) (1.30)
for all real t. Thus, H; is a linear system.
Example 1.5
Consider the system Hs in which
Hy (f (1)) = (f (¢))° (1.31)
for all signals f. Because
Hy (2t) = 4% # 2t* = 2H, (1) (1.32)

for nonzero t, Hs is not a linear system.

1.2.2.2.2 Time Invariant Systems

A time-invariant system has the property that a certain input will always give the same output (up to
timing), without regard to when the input was applied to the system.

Time-Invariant Systems

) —=| TI P— y{) w(f—t) — TI |— y{t —ta)

(a) (b)

Figure 1.31: Figure 1.31(a) shows an input at time ¢ while Figure 1.31(b) shows the same input
to seconds later. In a time-invariant system both outputs would be identical except that the one in
Figure 1.31(b) would be delayed by to.

In this figure, z (t) and x (¢t — tp) are passed through the system TI. Because the system TI is time-
invariant, the inputs z (¢) and z (¢ — to) produce the same output. The only difference is that the output
due to z (t — ty) is shifted by a time ¢.

Whether a system is time-invariant or time-varying can be seen in the differential equation (or difference
equation) describing it. Time-invariant systems are modeled with constant coefficient equations.
A constant coefficient differential (or difference) equation means that the parameters of the system are not
changing over time and an input now will give the same result as the same input later.
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Example 1.6
Consider the system H; in which

Hy (f(2) =tf (t) (1.33)

for all signals f. Because

Sr(Hy (f () =Sr(tf (1) =@ -T)f-T)#tf(t=T)=H, (f(t=T)) = Hi (Sr (f (1)) (1.34)
for nonzero T', H; is not a time invariant system.

Example 1.7
Consider the system Hs in which

Hy (f (1) = (f (1)° (1.35)
for all signals f. For all real T' and signals f,

St (Hy (F (1)) = St (F()?) = (/ (¢ = 1)) = H> (F (t = T)) = H (Sr (f (1)) (1.36)

for all real t. Thus, H is a time invariant system.

1.2.2.2.3 Linear Time Invariant Systems

Certain systems are both linear and time-invariant, and are thus referred to as LTI systems.

Linear Time-Invariant Systems

) ——e ITI [—= gt} ar(t —iy) ——= LTI [—> oyt —f;)

(a) (b)

Figure 1.32: This is a combination of the two cases above. Since the input to Figure 1.32(b) is a scaled,
time-shifted version of the input in Figure 1.32(a), so is the output.

As LTT systems are a subset of linear systems, they obey the principle of superposition. In the figure
below, we see the effect of applying time-invariance to the superposition definition in the linear systems
section above.
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pf) —>| I > @ () —] I — @

Figure 1.33

Superposition in Linear Time-Invariant Systems

ari{t —t) +Axa(t —fy) ——| LTI |— ap(f — &) + Fyalt — )

Figure 1.34: The principle of superposition applied to LTI systems

1.2.2.2.3.1 LTI Systems in Series

If two or more LTI systems are in series with each other, their order can be interchanged without affecting
the overall output of the system. Systems in series are also called cascaded systems.
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H

(b)

Figure 1.35: The order of cascaded LTI systems can be interchanged without changing the overall

effect.

1.2.2.2.3.2 LTI Systems in Parallel

29

If two or more LTI systems are in parallel with one another, an equivalent system is one that is defined as

the sum of these individual systems.

Parallel LTI Systems

H,

(a)

Figure 1.36: Parallel systems can be condensed into the sum of systems.

H +H,y
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Example 1.8
Consider the system Hj in which

Hs (f (t)) =2f (1) (1.37)

for all signals f. Given any two signals f, g and scalars a,b

Hs (af () +bg (1)) = 2(af (t) + bg (1)) = a2f (t) + b2g (t) = aHs (f (1)) + bH3 (9 () (1.38)

for all real ¢t. Thus, Hj is a linear system. For all real T" and signals f,

St (Hs (f (1)) = Sr (2f (1)) =2f (t =T) = Hs (f (t = T)) = H3 (Sr (f (1)) (1.39)
for all real ¢t. Thus, H3 is a time invariant system. Therefore, H3 is a linear time invariant system.

Example 1.9
As has been previously shown, each of the following systems are not linear or not time invariant.

Hy (f () =tf (1) (1.40)

Hy (f (1)) = (f(8))° (1.41)

Thus, they are not linear time invariant systems.

1.2.2.3 Linear Time Invariant Demonstration

Image not finished

Figure 1.37: Interact(when online) with the Mathematica CDF above demonstrating Linear Time
Invariant systems. To download, right click and save file as .cdf.

1.2.2.4 LTI Systems Summary

Two very important and useful properties of systems have just been described in detail. The first of these,
linearity, allows us the knowledge that a sum of input signals produces an output signal that is the summed
original output signals and that a scaled input signal produces an output signal scaled from the original
output signal. The second of these, time invariance, ensures that time shifts commute with application of
the system. In other words, the output signal for a time shifted input is the same as the output signal for the
original input signal, except for an identical shift in time. Systems that demonstrate both linearity and time
invariance, which are given the acronym LTI systems, are particularly simple to study as these properties
allow us to leverage some of the most powerful tools in signal processing.
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1.3 Time Domain Analysis of Continuous Time Systems

1.3.1 Continuous Time Convolution"
1.3.1.1 Introduction

Convolution, one of the most important concepts in electrical engineering, can be used to determine the
output a system produces for a given input signal. It can be shown that a linear time invariant system
is completely characterized by its impulse response. The sifting property of the continuous time impulse
function tells us that the input signal to a system can be represented as an integral of scaled and shifted
impulses and, therefore, as the limit of a sum of scaled and shifted approximate unit impulses. Thus, by
linearity, it would seem reasonable to compute of the output signal as the limit of a sum of scaled and
shifted unit impulse responses and, therefore, as the integral of a scaled and shifted impulse response. That
is exactly what the operation of convolution accomplishes. Hence, convolution can be used to determine a
linear time invariant system’s output from knowledge of the input and the impulse response.

1.3.1.2 Convolution and Circular Convolution
1.3.1.2.1 Convolution

1.3.1.2.1.1 Operation Definition

Continuous time convolution is an operation on two continuous time signals defined by the integral

(f*xg)( / f(m)gt—7)dr (1.42)

for all signals f, g defined on R. It is important to note that the operation of convolution is commutative,
meaning that

frg=gxf (1.43)

for all signals f, g defined on R. Thus, the convolution operation could have been just as easily stated using
the equivalent definition

(f*g)( / f—=7)g(r)dr (1.44)

for all signals f,g defined on R. Convolution has several other important properties not listed here but
explained and derived in a later module.

1.3.1.2.1.2 Definition Motivation

The above operation definition has been chosen to be particularly useful in the study of linear time invariant
systems. In order to see this, consider a linear time invariant system H with unit impulse response h. Given
a system input signal z we would like to compute the system output signal H (x). First, we note that the
input can be expressed as the convolution

z(t) = /OO 2 (r)d (t—7)dr (1.45)

by the sifting property of the unit impulse function. Writing this integral as the limit of a summation,
x (t) = lim x (nA)oa (t —nA)A (1.46)

A—0
n

16This content is available online at <http://cnx.org/content/m10085,2.35/>.
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where

/A 0<t<A

oa (1) = { (1.47)
0 otherwise
approximates the properties of § (¢). By linearity
Hz (t) = lim x (nA) Hoa (t —nA) A (1.48)
A0 4
which evaluated as an integral gives
Hzx(t) = / x(T)HS (t —7)dT. (1.49)
Since H (t — 1) is the shifted unit impulse response h (t — 7), this gives the result
H:L‘(t)z/ x(r)h({t—7)dr=(xxh)(t). (1.50)

Hence, convolution has been defined such that the output of a linear time invariant system is given by the
convolution of the system input with the system unit impulse response.

1.3.1.2.1.3 Graphical Intuition

It is often helpful to be able to visualize the computation of a convolution in terms of graphical processes.
Consider the convolution of two functions f, g given by

(f*g)(t):/jo f<T>g<H>dT:/f° f(t—7)g(r)dr (L51)

The first step in graphically understanding the operation of convolution is to plot each of the functions.
Next, one of the functions must be selected, and its plot reflected across the 7 = 0 axis. For each real ¢, that
same function must be shifted left by ¢. The product of the two resulting plots is then constructed. Finally,
the area under the resulting curve is computed.

Example 1.10
Recall that the impulse response for the capacitor voltage in a series RC circuit is given by

h(t) = R—lce_t/RCu(t)7 (1.52)

and consider the response to the input voltage

x(t) =u(t). (1.53)

We know that the output for this input voltage is given by the convolution of the impulse response
with the input signal

y(@t) =z (t)xh(t). (1.54)

We would like to compute this operation by beginning in a way that minimizes the algebraic
complexity of the expression. Thus, since x (t) = w(t) is the simpler of the two signals, it is
desirable to select it for time reversal and shifting. Thus, we would like to compute

y(t) = /_ h %e_T/RCu (T)u(t —7)dr. (1.55)
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The step functions can be used to further simplify this integral by narrowing the region of inte-
gration to the nonzero region of the integrand. Therefore,

max{0,t} 1
y(t):/o ﬁe*T/RCdr. (1.56)

Hence, the output is

0 t<0
yo=( " (1.57)
1—et/ t>0

which can also be written as

y(t) = (1 - e—f/RC) u(t). (1.58)

1.3.1.2.2 Circular Convolution

Continuous time circular convolution is an operation on two finite length or periodic continuous time signals
defined by the integral

T ~ ~

(fx9) () = ; f(r)g@—r)dr (1.59)

~

for all signals f, g defined on R [0,T] where f, g are periodic extensions of f and g. It is important to note
that the operation of circular convolution is commutative, meaning that

fxg=gxf (1.60)

for all signals f, g defined on R [0, T]. Thus, the circular convolution operation could have been just as easily
stated using the equivalent definition

T ~ ~

(f+9) () = A ft=7)9(r)dr (1.61)

~ ~

for all signals f, g defined on R[0,T] where f, g are periodic extensions of f and g. Circular convolution
has several other important properties not listed here but explained and derived in a later module.
Alternatively, continuous time circular convolution can be expressed as the sum of two integrals given by

t T
(f*g)(t)=/0 f(T)g(t—T)dT+/t f(r)g(t—r+T)dr (1.62)

for all signals f, g defined on R [0, T].

Meaningful examples of computing continuous time circular convolutions in the time domain would in-
volve complicated algebraic manipulations dealing with the wrap around behavior, which would ultimately
be more confusing than helpful. Thus, none will be provided in this section. However, continuous time circu-
lar convolutions are more easily computed using frequency domain tools as will be shown in the continuous
time Fourier series section.
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1.3.1.2.2.1 Definition Motivation

The above operation definition has been chosen to be particularly useful in the study of linear time invariant
systems. In order to see this, consider a linear time invariant system H with unit impulse response h. Given
a finite or periodic system input signal  we would like to compute the system output signal H (z). First,
we note that the input can be expressed as the circular convolution

T ~ ~
x (t) :/0 x(r)é (t—71)dr (1.63)

by the sifting property of the unit impulse function. Writing this integral as the limit of a summation,

x (t) = lim z (nA)§a (t —nA)A (1.64)
A—0 ~
where
1/A 0<t< A
oa () =1 / . (1.65)
0 otherwise
approximates the properties of § (¢). By linearity
Hz (t) = lim z (NA)H§A (t—nA)A (1.66)
A—0 -
which evaluated as an integral gives
T ~ ~
Hz (1) :/ v (F)H § (t—7)dr. (1.67)
0
Since H (t — 1) is the shifted unit impulse response h (t — 7), this gives the result
T ~ ~
Hz (1) :/ o (7) h(t—7)dr = (@ h) (1) (1.68)
0

Hence, circular convolution has been defined such that the output of a linear time invariant system is given
by the convolution of the system input with the system unit impulse response.

1.3.1.2.2.2 Graphical Intuition

It is often helpful to be able to visualize the computation of a circular convolution in terms of graphical
processes. Consider the circular convolution of two finite length functions f, g given by

T ~ ~ T ~ N

(fxg) ()= fr)gt—r)dr= f—7)9 (r)dr. (1.69)

0 0

The first step in graphically understanding the operation of convolution is to plot each of the periodic
extensions of the functions. Next, one of the functions must be selected, and its plot reflected across the
7 = 0 axis. For each t € R[0,T], that same function must be shifted left by ¢. The product of the two
resulting plots is then constructed. Finally, the area under the resulting curve on R [0, 7] is computed.
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1.3.1.3 Convolution Demonstration

ELahlel | Help

Continuous Linear Convolution

t £ 0

Select Signal fit--1 | Pulse | ]
Select Signal gi-} | Pulse | ] 05k

€ Reset B
f[t_T] = -4 -2 2 4

P Advanced Setting for fit-=]
glt] = s

P Advanced Satting for gir]

f[t-7], glr], and flt-7]g[7]
—H

—

Show Convolution Qutput Formula || -l0*

€ Set Plot Heights B Jtlt-rlglrldr

Figure 1.38: Interact (when online) with a Mathematica CDF demonstrating Convolution. To Down-
load, right-click and save target as .cdf.

1.3.1.4 Convolution Summary

Convolution, one of the most important concepts in electrical engineering, can be used to determine the
output signal of a linear time invariant system for a given input signal with knowledge of the system’s unit
impulse response. The operation of continuous time convolution is defined such that it performs this function
for infinite length continuous time signals and systems. The operation of continuous time circular convolution
is defined such that it performs this function for finite length and periodic continuous time signals. In each
case, the output of the system is the convolution or circular convolution of the input signal with the unit
impulse response.

1.3.2 Properties of Continuous Time Convolution'’
1.3.2.1 Introduction

We have already shown the important role that continuous time convolution plays in signal processing. This
section provides discussion and proof of some of the important properties of continuous time convolution.
Analogous properties can be shown for continuous time circular convolution with trivial modification of the
proofs provided except where explicitly noted otherwise.

"This content is available online at <http://cnx.org/content/m10088,/2.21/>.
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1.3.2.2 Continuous Time Convolution Properties
1.3.2.2.1 Associativity

The operation of convolution is associative. That is, for all continuous time signals z1, 2, z3 the following
relationship holds.

I * (IQ * 933) = (1'1 * .Z‘Q) * T3 (170)
In order to show this, note that
(561 * (332 * 1‘3)) (t) = ffooo ffooo 1 (Tl) ZTo (7'2) I3 ((t — ’7'1) - T2) dTQdTl
:ffo foo ((7‘1 +T2)—T1)J)3 (t—(Tl—FTg))dngTl (171)

—f f X1 T1 T2 (7'377'1)173 (t*Tg)dTldT:;
= (w1 * x2) * x3) (1)

proving the relationship as desired through the substitution 73 = 71 4+ 7o.

1.3.2.2.2 Commutativity
The operation of convolution is commutative. That is, for all continuous time signals z1, x5 the following
relationship holds.

T1*k Ty = Tg * Ty (1.72)

In order to show this, note that

(z1*22) (1) = f z1(m) 22 (t—m)dn
= [Zoomi (t = T2) xa (1) dro (1.73)
= (22 1) ()

proving the relationship as desired through the substitution 7o =t — ;.

1.3.2.2.3 Distributivity

The operation of convolution is distributive over the operation of addition. That is, for all continuous time
signals x1, x2, x3 the following relationship holds.

x1 % (X2 + x3) = 1 * T2 + 1 * T3 (1.74)
In order to show this, note that
(w1 % (T2 + x3)) (¢) zfoo (1) x2(t—7')+a:3(t—7'))dr
= [~ ) 29 (th dr+ [% w1 (t)as (t —7)dr (1.75)

= (21 * 9 + 21 *a:g) (t)

proving the relationship as desired.
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1.3.2.2.4 Multilinearity

The operation of convolution is linear in each of the two function variables. Additivity in each variable
results from distributivity of convolution over addition. Homogenity of order one in each variable results
from the fact that for all continuous time signals x1, z2 and scalars a the following relationship holds.

a(x1 *xx2) = (ax1) * 2 = x1 * (ax2) (1.76)

In order to show this, note that

(a(zyxx2)(t) =a > @i (T)aa(t—7)dr
= [% (ax1 (1)) (t — 7)dT
= ((ax1) * z2) (t) (L.77)
*f (T (aﬂfz (t 7)) dt

proving the relationship as desired.

1.3.2.2.5 Conjugation

The operation of convolution has the following property for all continuous time signals x1, 5.

In order to show this, note that

(1.79)

proving the relationship as desired.

1.3.2.2.6 Time Shift

The operation of convolution has the following property for all continuous time signals x1,x2 where St is
the time shift operator.

St (x1 * x2) = (STx1) * 9 = 1 * (ST22) (1.80)
In order to show this, note that
Sr(zy*a2) (t) = [T 1 (t—=T)—71)dr
= f 7)Sray (t—7)dr
_ = ((STml) * 2) (1) (1.81)
= [ ()2 (1)~ 7 dr
= f 7)Stxe (t — T)dT

=T * (STxQ) (t)

proving the relationship as desired.
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1.3.2.2.7 Differentiation

The operation of convolution has the following property for all continuous time signals x1, 5.

& arwm) (1) = (dt " @) (1) = <x1 ‘ dt) (1) (1.82)

In order to show this, note that

(1.83)

proving the relationship as desired.

1.3.2.2.8 Impulse Convolution

The operation of convolution has the following property for all continuous time signals x where § is the Dirac
delta funciton.

rxd =2 (1.84)

In order to show this, note that

(xxd)(t) = fooom(T)(S(t—T)dT
=z(t) [T 6t —T)dr (1.85)
=z (t)

proving the relationship as desired.

1.3.2.2.9 Width

The operation of convolution has the following property for all continuous time signals z1,x, where
Duration (z) gives the duration of a signal x.

Duration (x1 * x2) = Duration (1) + Duration (z2) (1.86)

. In order to show this informally, note that (x; * 22) (¢) is nonzero for all ¢ for which there is a 7 such that
21 (7) 2 (t — 7) is nonzero. When viewing one function as reversed and sliding past the other, it is easy to
see that such a 7 exists for all ¢ on an interval of length Duration (z1)+ Duration (z3). Note that this is not
always true of circular convolution of finite length and periodic signals as there is then a maximum possible
duration within a period.

1.3.2.3 Convolution Properties Summary

As can be seen the operation of continuous time convolution has several important properties that have
been listed and proven in this module. With slight modifications to proofs, most of these also extend to
continuous time circular convolution as well and the cases in which exceptions occur have been noted above.
These identities will be useful to keep in mind as the reader continues to study signals and systems.
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1.4 Frequency Domain

1.4.1 Introduction to the Frequency Domain"

In developing ways of analyzing linear circuits, we invented the impedance method because it made solving
circuits easier. Along the way, we developed the notion of a circuit’s frequency response or transfer function.
This notion, which also applies to all linear, time-invariant systems, describes how the circuit responds to a
sinusoidal input when we express it in terms of a complex exponential. We also learned the Superposition
Principle for linear systems: The system’s output to an input consisting of a sum of two signals is the sum
of the system’s outputs to each individual component.

The study of the frequency domain combines these two notions—a system’s sinusoidal response is easy to
find and a linear system’s output to a sum of inputs is the sum of the individual outputs—to develop the
crucial idea of a signal’s spectrum. We begin by finding that those signals that can be represented as a
sum of sinusoids is very large. In fact, all signals can be expressed as a superposition of sinusoids.

As this story unfolds, we’ll see that information systems rely heavily on spectral ideas. For example,
radio, television, and cellular telephones transmit over different portions of the spectrum. In fact, spectrum
is so important that communications systems are regulated as to which portions of the spectrum they can
use by the Federal Communications Commission in the United States and by International Treaty for the
world (see Frequency Allocations'?). Calculating the spectrum is easy: The Fourier transform defines
how we can find a signal’s spectrum.

1.4.2 Complex Fourier Series™

In an earlier module?!, we showed that a square wave could be expressed as a superposition of pulses. As
useful as this decomposition was in this example, it does not generalize well to other periodic signals: How
can a superposition of pulses equal a smooth signal like a sinusoid? Because of the importance of sinusoids
to linear systems, you might wonder whether they could be added together to represent a large number of
periodic signals. You would be right and in good company as well. Euler?? and Gauss?? in particular worried
about this problem, and Jean Baptiste Fourier>* got the credit even though tough mathematical issues were
not settled until later. They worked on what is now known as the Fourier series: representing any periodic
signal as a superposition of sinusoids.

But the Fourier series goes well beyond being another signal decomposition method. Rather, the Fourier
series begins our journey to appreciate how a signal can be described in either the time-domain or the
frequency-domain with no compromise. Let s(t) be a periodic signal with period 7. We want to show
that periodic signals, even those that have constant-valued segments like a square wave, can be expressed
as sum of harmonically related sine waves: sinusoids having frequencies that are integer multiples of
the fundamental frequency. Because the signal has period T, the fundamental frequency is % The
complex Fourier series expresses the signal as a superposition of complex exponentials having frequencies %,
k={..,-1,0,1,...}.

st)=Y e’ (1.87)
k=—o00

with ¢, = % (ar —iby). The real and imaginary parts of the Fourier coefficients ¢; are written in this
unusual way for convenience in defining the classic Fourier series. The zeroth coefficient equals the signal’s

average value and is real- valued for real-valued signals: ¢y = ag. The family of functions {eiZWTM} are called

18This content is available online at <http://cnx.org/content/m0038,/2.10/>.
19"Frequency Allocations" <http://cnx.org/content/m0083/latest/ >

20This content is available online at <http://cnx.org/content/m0042/2.33/>.

21ngignal Decomposition", Exercise 1 <http://cnx.org/content/m0008/latest /#swsuper>>
22http://www-groups.dcs.st- and.ac.uk/~history /Mathematicians/FEuler.html

23http:/ /www-groups.dcs.st- and.ac.uk/~history/Mathematicians/Guass.html

24http:/ /www-groups.dcs.st- and.ac.uk/~history /Mathematicians/Fourier.html
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basis functions and form the foundation of the Fourier series. No matter what the periodic signal might
be, these functions are always present and form the representation’s building blocks. They depend on the
signal period 7', and are indexed by k.

KEY POINT: Assuming we know the period, knowing the Fourier coefficients is equivalent to
knowing the signal. Thus, it makes no difference if we have a time-domain or a frequency- domain
characterization of the signal.

Exercise 1.4.2.1 (Solution on p. 139.)
What is the complex Fourier series for a sinusoid?

To find the Fourier coefficients, we note the orthogonality property

T 3 —
/ et gy ) TR (1.88)
0 0if k#1

Assuming for the moment that the complex Fourier series "works," we can find a signal’s complex Fourier
coefficients, its spectrum, by exploiting the orthogonality properties of harmonically related complex expo-
nentials. Simply multiply each side of (1.87) by e~(®27) and integrate over the interval [0, T7.

== fOT s(t) e (%5) gy

1.89
coz%fOTs(t)dt (1:89)

Example 1.11
Finding the Fourier series coefficients for the square wave sqp (t) is very simple. Mathematically,
this signal can be expressed as

Lif 0<t< %

sqr (t) =
’ ~1if L<t<T

The expression for the Fourier coefficients has the form

1 £l _(i27rkt) 1 / _(i27-rkt)
— T - T 1.
Ch =7 /0 e dt T e dt (1.90)

NOTE: When integrating an expression containing ¢, treat it just like any other constant.

The two integrals are very similar, one equaling the negative of the other. The final expression

becomes
o = 55 (-0 -1)
2 if kodd (1.91)
0 if keven

2 N\ 2wkt
sq (t) = — 7 1.92
a(t > e (1.92)
ke{..,—3,—1,1,3,... }
Consequently, the square wave equals a sum of complex exponentials, but only those having
frequencies equal to odd multiples of the fundamental frequency % The coefficients decay slowly
as the frequency index k increases. This index corresponds to the k-th harmonic of the signal’s

period.
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A signal’s Fourier series spectrum ¢;, has interesting properties.

Property 1.1:
If s (t) is real, ¢, = ¢_ (real-valued periodic signals have conjugate-symmetric spectra).

This result follows from the integral that calculates the ¢j from the signal. Furthermore, this result means
that R (cx) = R (c—x): The real part of the Fourier coefficients for real-valued signals is even. Similarly,
S (cx) = =S (c—g): The imaginary parts of the Fourier coefficients have odd symmetry. Consequently, if
you are given the Fourier coefficients for positive indices and zero and are told the signal is real-valued, you
can find the negative-indexed coefficients, hence the entire spectrum. This kind of symmetry, ¢ = ¢, is
known as conjugate symmetry.

Property 1.2:
If s (—t) = s(t), which says the signal has even symmetry about the origin, c_; = c.

Given the previous property for real-valued signals, the Fourier coefficients of even signals are real-valued.
A real-valued Fourier expansion amounts to an expansion in terms of only cosines, which is the simplest
example of an even signal.

Property 1.3:
If s (—t) = —s(t), which says the signal has odd symmetry, c_; = —c.
Therefore, the Fourier coefficients are purely imaginary. The square wave is a great example of an
odd-symmetric signal.

Property 1.4: _

The spectral coefficients for a periodic signal delayed by 7, s (t — 7), are cke*%, where c¢; denotes
the spectrum of s (¢). Delaying a signal by 7 seconds results in a spectrum having a linear phase
shift of —Q’TT’” in comparison to the spectrum of the undelayed signal. Note that the spectral
magnitude is unaffected. Showing this property is easy.

Proof:

-+ fOT s(t—7)e=D* " dt

lf ’L) 7rk(t+7') dt
71” - (1.93)

_ )277ka 3()6( 2)2 dt

Note that the range of integration extends over a period of the integrand Consequently, it should

not matter how we integrate over a period, which means that f_TT_T fo ) dt, and we have
our result.

The complex Fourier series obeys Parseval’s Theorem, one of the most important results in signal
analysis. This general mathematical result says you can calculate a signal’s power in either the time domain
or the frequency domain.

Theorem 1.1: Parseval’s Theorem
Average power calculated in the time domain equals the power calculated in the frequency domain.

%/0 s2(tydt= > (lex])? (1.94)

k=—o00

This result is a (simpler) re-expression of how to calculate a signal’s power than with the real-valued
Fourier series expression for power.

Let’s calculate the Fourier coefficients of the periodic pulse signal shown here (Figure 1.39).
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Figure 1.39: Periodic pulse signal.

The pulse width is A, the period T', and the amplitude A. The complex Fourier spectrum of this signal

is given by N
1 2kt A 2nkA
—— | A Frar=- (e = 1)
w7 /O ¢« (i%k ¢« )

At this point, simplifying this expression requires knowing an interesting property.

1 _ e (10 _ % (6% — 67%> = ¢ % 2isin <g>

Armed with this result, we can simply express the Fourier series coefficients for our pulse sequence.

_ inga sin (Z32)

c, = Ae p—

(1.95)
Because this signal is real-valued, we find that the coefficients do indeed have conjugate symmetry: ¢ = ¢_g.
The periodic pulse signal has neither even nor odd symmetry; consequently, no additional symmetry exists
in the spectrum. Because the spectrum is complex valued, to plot it we need to calculate its magnitude and

phase.
sin (@)
=A—-TL~ 1.96
jexl = 42T (1.96)
kA sin (Zk&
L(eg) = f% + mneg <ETkT)> sign (k)

The function neg (-) equals -1 if its argument is negative and zero otherwise. The somewhat complicated
expression for the phase results because the sine term can be negative; magnitudes must be positive, leaving
the occasional negative values to be accounted for as a phase shift of .
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Periodic Pulse Sequence
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Figure 1.40: The magnitude and phase of the periodic pulse sequence’s spectrum is shown for positive-

frequency indices. Here % =0.2and A=1.

Also note the presence of a linear phase term (the first term in Z (cy) is proportional to frequency %)
Comparing this term with that predicted from delaying a signal, a delay of % is present in our signal.
Advancing the signal by this amount centers the pulse about the origin, leaving an even signal, which in
turn means that its spectrum is real-valued. Thus, our calculated spectrum is consistent with the properties
of the Fourier spectrum.

Exercise 1.4.2.2 (Solution on p. 139.)
What is the value of ¢4? Recalling that this spectral coefficient corresponds to the signal’s average
value, does your answer make sense?

The phase plot shown in Figure 1.40 (Periodic Pulse Sequence) requires some explanation as it does not seem
to agree with what (1.96) suggests. There, the phase has a linear component, with a jump of 7 every time
the sinusoidal term changes sign. We must realize that any integer multiple of 27 can be added to a phase
at each frequency without affecting the value of the complex spectrum. We see that at frequency index 4
the phase is nearly —m. The phase at index 5 is undefined because the magnitude is zero in this example. At
index 6, the formula suggests that the phase of the linear term should be less than —7 (more negative). In
addition, we expect a shift of —m in the phase between indices 4 and 6. Thus, the phase value predicted by
the formula is a little less than — (27). Because we can add 27 without affecting the value of the spectrum
at index 6, the result is a slightly negative number as shown. Thus, the formula and the plot do agree. In
phase calculations like those made in MATLAB, values are usually confined to the range [—m,7) by adding
some (possibly negative) multiple of 27 to each phase value.
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1.4.3 Classic Fourier Series™

The classic Fourier series as derived originally expressed a periodic signal (period T') in terms of harmonically
related sines and cosines.

=ao+ Z a,cos ( ) Z bysin <2Wkt) (1.97)

The complex Fourier series and the sine-cosine series are identical, each representing a signal’s
spectrum. The Fourier coefficients, a; and by, express the real and imaginary parts respectively of the
spectrum while the coefficients ¢, of the complex Fourier series express the spectrum as a magnitude and
phase. Equating the classic Fourier series (1.97) to the complex Fourier series (1.87), an extra factor of two
and complex conjugate become necessary to relate the Fourier coefficients in each.

1 .
Cp = 5 (ak — Zbk)

Exercise 1.4.3.1 (Solution on p. 139.)
Derive this relationship between the coefficients of the two Fourier series.

Just as with the complex Fourier series, we can find the Fourier coefficients using the orthogonality proper-
ties of sinusoids. Note that the cosine and sine of harmonically related frequencies, even the same frequency,

are orthogonal.
T
2 2
Vk, k€ Zl €L (/ sin (m) c05< ”lt)d _0> (1.98)
0 T T

/OT . (27;%) “ (2;175) i 05 i;f (;k;li) v/\ (;k _7&00)_ IA) (1#0)

Tif (k=10) A (k#0) A (1#0)

/Tcos 2mht cos 2rit dt = T if k=0=1
o T T - nr=u=

0 if k+#1
These orthogonality relations follow from the following important trigonometric identities.
sin (@) sin (8) = 3 (cos (a — 8) — cos (o + f3))
cos () cos (B) = 3 (cos (a + B) + cos (o — B3)) (1.99)
sin () cos (8) = 3 (sin (a + ) + sin (o — B))

These identities allow you to substitute a sum of sines and/or cosines for a product of them. Each term in
the sum can be integrated by noticing one of two important properties of sinusoids.

e The integral of a sinusoid over an integer number of periods equals zero.
e The integral of the square of a unit-amplitude sinusoid over a period T equals %

To use these, let’s, for example, multiply the Fourier series for a signal by the cosine of the /*' harmonic
cos (2””) and integrate. The idea is that, because integration is linear, the integration will sift out all but
the term involving a;.

fOTs(t) cos(z’”t)dt = fo agcos (L) dt + Y20, ay, fo cos (22%) cos (£4) dt +  (1.100)
STRly e fy sin (35) cos (%) dt

25This content is available online at <http://cnx.org/content/m0039/2.24/>.
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The first and third terms are zero; in the second, the only non-zero term in the sum results when the
indices k and [ are equal (but not zero), in which case we obtain % If Kk =0 = I, we obtain a¢T.

Consequently,
2 [T 2rlt
Vi, l #0: (alT/O s (t) cos <T) dt)

All of the Fourier coefficients can be found similarly.

T Jo
Vk,k;«éO:(ak—Tf s ( cos(Qﬂkt)dt) (1.101)
— 3 7 s 0)sim (258)

Exercise 1.4.3.2 (Solution on p. 139.)

The expression for ag is referred to as the average value of s (t). Why?

Exercise 1.4.3.3 (Solution on p. 139.)

What is the Fourier series for a unit-amplitude square wave?

Example 1.12
Let’s find the Fourier series representation for the half-wave rectified sinusoid.

Sln(2;*) if 0<t< %

. (1.102)

s(t) =

Begin with the sine terms in the series; to find by we must calculate the integral

2 [ 2 2
by = T/o sin (;Zt) sin ( WTkt) dt (1.103)

Using our trigonometric identities turns our integral of a product of sinusoids into a sum of integrals
of individual sinusoids, which are much easier to evaluate.

f02 sin (Q;t) sin (2”’“) dt = %fog cos (W) — cos (L(k;l)t) dt
3 if k=1 (1.104)

0 otherwise

Thus,
by =

N =

b2:b3:...:O

On to the cosine terms. The average value, which corresponds to ag, equals % The remainder
of the cosine coefficients are easy to find, but yield the complicated result

~(2pky) if he{24,...}
0 if k odd

ag = (1.105)

Thus, the Fourier series for the half-wave rectified sinusoid has non-zero terms for the average,

the fundamental, and the even harmonics.
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1.4.4 A Signal’s Spectrum™

A periodic signal, such as the half-wave rectified sinusoid, consists of a sum of elemental sinusoids. A plot
of the Fourier coefficients as a function of the frequency index, such as shown in Figure 1.41 (Fourier Series
spectrum of a half-wave rectified sine wave), displays the signal’s spectrum. The word "spectrum" implies
that the independent variable, here k, corresponds somehow to frequency. Each coefficient is directly related
to a sinusoid having a frequency of % Thus, if we half-wave rectified a 1 kHz sinusoid, £ = 1 corresponds
to 1 kHz, k = 2 to 2 kHz, etc.

Fourier Series spectrum of a half-wave rectified sine wave
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Figure 1.41: The Fourier series spectrum of a half-wave rectified sinusoid is shown. The index indicates
the multiple of the fundamental frequency at which the signal has energy.

A subtle, but very important, aspect of the Fourier spectrum is its uniqueness: You can unambiguously
find the spectrum from the signal (decomposition (1.101)) and the signal from the spectrum (composition).
Thus, any aspect of the signal can be found from the spectrum and vice versa. A signal’s frequency
domain expression is its spectrum. A periodic signal can be defined either in the time domain (as a
function) or in the frequency domain (as a spectrum).

A fundamental aspect of solving electrical engineering problems is whether the time or frequency domain
provides the most understanding of a signal’s properties and the simplest way of manipulating it. The
uniqueness property says that either domain can provide the right answer. As a simple example, suppose
we want to know the (periodic) signal’s maximum value. Clearly the time domain provides the answer
directly. To use a frequency domain approach would require us to find the spectrum, form the signal from
the spectrum and calculate the maximum; we’re back in the time domain!

Another feature of a signal is its average power. A signal’s instantaneous power is defined to be its
square. The average power is the average of the instantaneous power over some time interval. For a periodic
signal, the natural time interval is clearly its period; for nonperiodic signals, a better choice would be entire
time or time from onset. For a periodic signal, the average power is the square of its root-mean-squared

26This content is available online at <http://cnx.org/content/m0040/2.21/>.
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(rms) value. We define the rms value of a periodic signal to be

/ T
rms (s) = %/0 s2 () dt (1.106)

and thus its average power is

power (s) = rms?(s)
LT o (1.107)
= 7T Jo S (t) dt
Exercise 1.4.4.1 (Solution on p. 139.)

What is the rms value of the half-wave rectified sinusoid?

To find the average power in the frequency domain, we need to substitute the spectral representation of the
signal into this expression.

powr (5= - [+ S ven (32 )z<>)

The square inside the integral will contain all possible pairwise products. However, the orthogonality proper-
ties (1.98) say that most of these crossterms integrate to zero. The survivors leave a rather simple expression
for the power we seek.

1 oo
power (s) = ap” + 5 ;a,ﬁ' + b2 (1.108)

Power Spectrum of a Half-Wave Rectified Sinusoid
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Figure 1.42: Power spectrum of a half-wave rectified sinusoid.

It could well be that computing this sum is easier than integrating the signal’s square. Furthermore,
the contribution of each term in the Fourier series toward representing the signal can be measured by its
contribution to the signal’s average power. Thus, the power contained in a signal at its kth harmonic is
L;rb’“z The power spectrum, P; (k), such as shown in Figure 1.42 (Power Spectrum of a Half-Wave
Rectified Sinusoid), plots each harmonic’s contribution to the total power.
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Exercise 1.4.4.2 (Solution on p. 139.)
In high-end audio, deviation of a sine wave from the ideal is measured by the total harmonic
distortion, which equals the total power in the harmonics higher than the first compared to power
in the fundamental. Find an expression for the total harmonic distortion for any periodic signal.
Is this calculation most easily performed in the time or frequency domain?

1.4.5 Fourier Series Approximation of Signals™

It is interesting to consider the sequence of signals that we obtain as we incorporate more terms into the
Fourier series approximation of the half-wave rectified sine wave (Example 1.12). Define sk (¢) to be the

signal containing K + 1 Fourier terms.

K K
2wkt . 2wkt
SK (t) =ag + kél 1. COS <T) + kgil kaIIl <T) (1109)

Figure 1.43 ( Fourier Series spectrum of a half-wave rectified sine wave ) shows how this sequence of signals
portrays the signal more accurately as more terms are added.

27This content is available online at <http://cnx.org/content/m10687,2.11/>.
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Fourier Series spectrum of a half-wave rectified sine wave
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Figure 1.43: The Fourier series spectrum of a half-wave rectified sinusoid is shown in the upper
portion. The index indicates the multiple of the fundamental frequency at which the signal has energy.
The cumulative effect of adding terms to the Fourier series for the half-wave rectified sine wave is shown
in the bottom portion. The dashed line is the actual signal, with the solid line showing the finite series
approximation to the indicated number of terms, K + 1.

We need to assess quantitatively the accuracy of the Fourier series approximation so that we can judge
how rapidly the series approaches the signal. When we use a K + 1-term series, the error—the difference
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between the signal and the K + 1-term series—corresponds to the unused terms from the series.
= 2kt = . [ 27kt
ex () = Z ajCos (T) + k_EK:—H bisin (T) (1.110)

To find the rms error, we must square this expression and integrate it over a period. Again, the integral of
most cross-terms is zero, leaving

1 oo
rms (ex) = 3 Z ar? + by? (1.111)
k=K+1

Figure 1.44 (Approximation error for a half-wave rectified sinusoid) shows how the error in the Fourier series

for the half-wave rectified sinusoid decreases as more terms are incorporated. In particular, the use of four
terms, as shown in the bottom plot of Figure 1.43 ( Fourier Series spectrum of a half-wave rectified sine
wave ), has a rms error (relative to the rms value of the signal) of about 3%. The Fourier series in this case
converges quickly to the signal.

Approximation error for a half-wave rectified sinusoid
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Figure 1.44: The rms error calculated according to (1.111) is shown as a function of the number of
terms in the series for the half-wave rectified sinusoid. The error has been normalized by the rms value
of the signal.

We can look at Figure 1.45 (Power spectrum and approximation error for a square wave) to see the power
spectrum and the rms approximation error for the square wave.
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Power spectrum and approximation error for a square wave
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Figure 1.45: The upper plot shows the power spectrum of the square wave, and the lower plot the
rms error of the finite-length Fourier series approximation to the square wave. The asterisk denotes the
rms error when the number of terms K in the Fourier series equals 99.

Because the Fourier coefficients decay more slowly here than for the half-wave rectified sinusoid, the rms
error is not decreasing quickly. Said another way, the square-wave’s spectrum contains more power at higher
frequencies than does the half-wave-rectified sinusoid. This difference between the two Fourier series results
because the half-wave rectified sinusoid’s Fourier coefficients are proportional to /%2 while those of the square
wave are proportional to % If fact, after 99 terms of the square wave’s approximation, the error is bigger
than 10 terms of the approximation for the half-wave rectified sinusoid. Mathematicians have shown that

no signal has an rms approximation error that decays more slowly than it does for the square wave.

Exercise 1.4.5.1 (Solution on p. 139.)
Calculate the harmonic distortion for the square wave.

More than just decaying slowly, Fourier series approximation shown in Figure 1.46 (Fourier series approxi-
mation of a square wave) exhibits interesting behavior.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



52 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

Fourier series approximation of a square wave
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Figure 1.46: Fourier series approximation to sq(t). The number of terms in the Fourier sum is

indicated in each plot, and the square wave is shown as a dashed line over two periods.

Although the square wave’s Fourier series requires more terms for a given representation accuracy, when
comparing plots it is not clear that the two are equal. Does the Fourier series really equal the square wave
at all values of ¢t? In particular, at each step-change in the square wave, the Fourier series exhibits a peak
followed by rapid oscillations. As more terms are added to the series, the oscillations seem to become more
rapid and smaller, but the peaks are not decreasing. For the Fourier series approximation for the half-wave
rectified sinusoid (Figure 1.43: Fourier Series spectrum of a half-wave rectified sine wave ), no such behavior
occurs. What is happening?

Consider this mathematical question intuitively: Can a discontinuous function, like the square wave, be
expressed as a sum, even an infinite one, of continuous signals? One should at least be suspicious, and in
fact, it can’t be thus expressed. This issue brought Fourier?® much criticism from the French Academy of
Science (Laplace, Lagrange, Monge and LaCroix comprised the review committee) for several years after its
presentation on 1807. It was not resolved for almost a century, and its resolution is interesting and important
to understand from a practical viewpoint.

28http://www-groups.dcs.st-and.ac.uk/~history /Mathematicians/Fourier.html
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The extraneous peaks in the square wave’s Fourier series never disappear; they are termed Gibb’s
phenomenon after the American physicist Josiah Willard Gibbs. They occur whenever the signal is dis-
continuous, and will always be present whenever the signal has jumps.

Let’s return to the question of equality; how can the equal sign in the definition of the Fourier series be
justified? The partial answer is that pointwise—each and every value of t—equality is not guaranteed.
However, mathematicians later in the nineteenth century showed that the rms error of the Fourier series was
always zero.

limit rms(ex) =0

K—oo
What this means is that the error between a signal and its Fourier series approximation may not be zero, but
that its rms value will be zero! It is through the eyes of the rms value that we redefine equality: The usual
definition of equality is called pointwise equality: Two signals s; (), s2 (¢) are said to be equal pointwise
if s1 () = s2(t) for all values of t. A new definition of equality is mean-square equality: Two signals
are said to be equal in the mean square if rms (s; — s3) = 0. For Fourier series, Gibb’s phenomenon peaks
have finite height and zero width. The error differs from zero only at isolated points—whenever the periodic
signal contains discontinuities—and equals about 9% of the size of the discontinuity. The value of a function
at a finite set of points does not affect its integral. This effect underlies the reason why defining the value of
a discontinuous function, like we refrained from doing in defining the step function??, at its discontinuity is
meaningless. Whatever you pick for a value has no practical relevance for either the signal’s spectrum or for
how a system responds to the signal. The Fourier series value "at" the discontinuity is the average of the
values on either side of the jump.

1.4.6 Encoding Information in the Frequency Domain™

To emphasize the fact that every periodic signal has both a time and frequency domain representation, we can
exploit both to encode information into a signal. Refer to the Fundamental Model of Communication3®.
We have an information source, and want to construct a transmitter that produces a signal = (¢). For the
source, let’s assume we have information to encode every T seconds. For example, we want to represent
typed letters produced by an extremely good typist (a key is struck every T seconds). Let’s consider the
complex Fourier series formula in the light of trying to encode information.

K
w(t)= > cpetF (1.112)
k=—K

We use a finite sum here merely for simplicity (fewer parameters to determine). An important aspect of
the spectrum is that each frequency component c; can be manipulated separately: Instead of finding the
Fourier spectrum from a time-domain specification, let’s construct it in the frequency domain by selecting
the ¢ according to some rule that relates coefficient values to the alphabet. In defining this rule, we want
to always create a real-valued signal x (t). Because of the Fourier spectrum’s properties (Property 1.1, p.
41), the spectrum must have conjugate symmetry. This requirement means that we can only assign positive-
indexed coefficients (positive frequencies), with negative-indexed ones equaling the complex conjugate of the
corresponding positive-indexed ones.

Assume we have N letters to encode: {ai,...,an}. One simple encoding rule could be to make a single
Fourier coefficient be non-zero and all others zero for each letter. For example, if a,, occurs, we make ¢, = 1
and ¢, = 0, k # n. In this way, the n® harmonic of the frequency 7 is used to represent a letter. Note
that the bandwidth—the range of frequencies required for the encoding—equals % Another possibility is

to consider the binary representation of the letter’s index. For example, if the letter a;3 occurs, converting

29"Flemental Signals": Section Unit Step <http://cnx.org/content/m0004/latest/#stepdef>

30This content is available online at <http://cnx.org/content/m0043/2.17/>.

31nStructure of Communication Systems", Figure 1: Fundamental model of communication
<http://cnx.org/content /m0002/latest /#commsys>

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



54 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

13 to its base 2 representation, we have 13 = 11015. We can use the pattern of zeros and ones to represent
directly which Fourier coeflicients we "turn on" (set equal to one) and which we "turn off."

Exercise 1.4.6.1 (Solution on p. 139.)

Compare the bandwidth required for the direct encoding scheme (one nonzero Fourier coefficient
for each letter) to the binary number scheme. Compare the bandwidths for a 128-letter alphabet.
Since both schemes represent information without loss — we can determine the typed letter uniquely
from the signal’s spectrum — both are viable. Which makes more efficient use of bandwidth and
thus might be preferred?

Exercise 1.4.6.2 (Solution on p. 140.)
Can you think of an information-encoding scheme that makes even more efficient use of the
spectrum? In particular, can we use only one Fourier coefficient to represent N letters uniquely?

We can create an encoding scheme in the frequency domain (p. 53) to represent an alphabet of letters. But,
as this information-encoding scheme stands, we can represent one letter for all time. However, we note that
the Fourier coefficients depend only on the signal’s characteristics over a single period. We could change
the signal’s spectrum every T as each letter is typed. In this way, we turn spectral coefficients on and off
as letters are typed, thereby encoding the entire typed document. For the receiver (see the Fundamental
Model of Communication®?) to retrieve the typed letter, it would simply use the Fourier formula for the
complex Fourier spectrum®® for each T-second interval to determine what each typed letter was. Figure 1.47
(Encoding Signals) shows such a signal in the time-domain.

Encoding Signals

AN AL
VUV VUV

rool Lo coools

Figure 1.47: The encoding of signals via the Fourier spectrum is shown over three "periods." In
this example, only the third and fourth harmonics are used, as shown by the spectral magnitudes corre-
sponding to each T-second interval plotted below the waveforms. Can you determine the phase of the
harmonics from the waveform?

32nStructure of Communication Systems", Figure 1: Fundamental model of communication
<http://cnx.org/content/m0002/latest /#commsys>
33"Complex Fourier Series and Their Properties", (2) <http://cnx.org/content/m0065/latest/#complex>
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In this Fourier-series encoding scheme, we have used the fact that spectral coefficients can be indepen-
dently specified and that they can be uniquely recovered from the time-domain signal over one "period." Do
note that the signal representing the entire document is no longer periodic. By understanding the Fourier se-
ries’ properties (in particular that coeflicients are determined only over a T-second interval, we can construct
a communications system. This approach represents a simplification of how modern modems represent text
that they transmit over telephone lines.

1.4.7 Filtering Periodic Signals™

The Fourier series representation of a periodic signal makes it easy to determine how a linear, time-invariant
filter reshapes such signals in general. The fundamental property of a linear system is that its input-output
relation obeys superposition: L (a1s1 (t) + agsa (1)) = a1L (s1 (t)) + a2L (s2 (t)). Because the Fourier series
represents a periodic signal as a linear combination of complex exponentials, we can exploit the superposition
property. Furthermore, we found for linear circuits that their output to a complex exponential input is just the
frequency response evaluated at the signal’s frequency times the complex exponential. Said mathematically,
if z(t) = ¢'*7, then the output y(t) = H (&) e’** because f = %. Thus, if z (t) is periodic thereby
having a Fourier series, a linear circuit’s output to this signal will be the superposition of the output to each

component.
- kY 2w
y(t)y= > cH (T> e (1.113)

k=—o0

Thus, the output has a Fourier series, which means that it too is periodic. Its Fourier coefficients equal
ctH (%) To obtain the spectrum of the output, we simply multiply the input spectrum by
the frequency response. The circuit modifies the magnitude and phase of each Fourier coefficient. Note
especially that while the Fourier coefficients do not depend on the signal’s period, the circuit’s transfer
function does depend on frequency, which means that the circuit’s output will differ as the period varies.

34This content is available online at <http://cnx.org/content/m0044/2.12/>.
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Filtering a periodic signal
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Figure 1.48: A periodic pulse signal, such as shown on the left part (% = 0.2), serves as the input to
an RC lowpass filter. The input’s period was 1 ms (millisecond). The filter’s cutoff frequency was set to
the various values indicated in the top row, which display the output signal’s spectrum and the filter’s
transfer function. The bottom row shows the output signal derived from the Fourier series coefficients
shown in the top row. (a) Periodic pulse signal (b) Top plots show the pulse signal’s spectrum for various
cutoff frequencies. Bottom plots show the filter’s output signals.

Example 1.13
The periodic pulse signal shown on the left above serves as the input to a RC-circuit that has the
transfer function (calculated elsewhere?)

1

H(f) =15 7pe 2n RO (1.114)

Figure 1.48 (Filtering a periodic signal) shows the output changes as we vary the filter’s cutoff
frequency. Note how the signal’s spectrum extends well above its fundamental frequency. Having
a cutoff frequency ten times higher than the fundamental does perceptibly change the output
waveform, rounding the leading and trailing edges. As the cutoff frequency decreases (center, then
left), the rounding becomes more prominent, with the leftmost waveform showing a small ripple.

35" Transfer Functions", Figure 2: Magnitude and phase of the transfer function
<http://cnx.org/content /m0028/latest /#magphase™>
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Exercise 1.4.7.1 (Solution on p. 140.)
What is the average value of each output waveform? The correct answer may surprise you.

This example also illustrates the impact a lowpass filter can have on a waveform. The simple RC filter used
here has a rather gradual frequency response, which means that higher harmonics are smoothly suppressed.
Later, we will describe filters that have much more rapidly varying frequency responses, allowing a much
more dramatic selection of the input’s Fourier coefficients.

More importantly, we have calculated the output of a circuit to a periodic input without writing,
much less solving, the differential equation governing the circuit’s behavior. Furthermore, we made these
calculations entirely in the frequency domain. Using Fourier series, we can calculate how any linear circuit
will respond to a periodic input.

1.4.8 Derivation of the Fourier Transform®

Fourier series clearly open the frequency domain as an interesting and useful way of determining how circuits
and systems respond to periodic input signals. Can we use similar techniques for nonperiodic signals? What
is the response of the filter to a single pulse? Addressing these issues requires us to find the Fourier spectrum
of all signals, both periodic and nonperiodic ones. We need a definition for the Fourier spectrum of a signal,
periodic or not. This spectrum is calculated by what is known as the Fourier transform.

Let st (t) be a periodic signal having period T. We want to consider what happens to this signal’s
spectrum as we let the period become longer and longer. We denote the spectrum for any assumed value of
the period by ¢ (T'). We calculate the spectrum according to the familiar formula

1 (% ,
e (T) 7/ sy (t) e "7 dt (1.115)

T

2

where we have used a symmetric placement of the integration interval about the origin for subsequent deriva-
tional convenience. Let f be a fixed frequency equaling %; we vary the frequency index k proportionally as
we increase the period. Define

T
2

St (f) = Tex (T) :/ st (t) e~ 020 gy (1.116)
T
2
making the corresponding Fourier series
- S|
sp(t)= Y ST(f)eQ”ftf (1.117)

k=—o0

As the period increases, the spectral lines become closer together, becoming a continuum. Therefore,

limit _s7 (t)zs(t)z/o;S(f)emftdf (1.118)
with -
S(f):/ s (t) e= 2Dy (1.119)

S (f) is the Fourier transform of s(t) (the Fourier transform is symbolically denoted by the uppercase
version of the signal’s symbol) and is defined for any signal for which the integral ((1.119)) converges.

Example 1.14
Let’s calculate the Fourier transform of the pulse signal®?, p (¢).

P f — (i2m ft) — (12 ft) — (2w fA) |
= t v t = S t = v

36This content is available online at <http://cnx.org/content/m0046,/2.22/>.
37"Elemental Signals": Section Pulse <http://cnx.org/content/m0004/latest/#pulsedef>

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



58 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

. i A)
P _(infa)SD (mf
() = e Onr B
Note how closely this result resembles the expression for Fourier series coefficients of the periodic
pulse signal (1.96).
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Figure 1.49: The upper plot shows the magnitude of the Fourier series spectrum for the case of T =1
with the Fourier transform of p (¢) shown as a dashed line. For the bottom panel, we expanded the period
to T' = 5, keeping the pulse’s duration fixed at 0.2, and computed its Fourier series coefficients.

Figure 1.49 (Spectrum) shows how increasing the period does indeed lead to a continuum of coefficients,
and that the Fourier transform does correspond to what the continuum becomes. The quantity % has a
special name, the sinc (pronounced "sink") function, and is denoted by sinc (¢). Thus, the magnitude of the
pulse’s Fourier transform equals |Asinc (7 fA) |.

The Fourier transform relates a signal’s time and frequency domain representations to each other. The
direct Fourier transform (or simply the Fourier transform) calculates a signal’s frequency domain representa-
tion from its time-domain variant ((1.120)). The inverse Fourier transform ((1.121)) finds the time-domain
representation from the frequency domain. Rather than explicitly writing the required integral, we often

symbolically express these transform calculations as F (s) and F~! (.9), respectively.

F(s)

S(f)
7 s (t)e~@2mtat

—0o0

(1.120)
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FH(S) s (t)
= Jo S (f)emIdf

We must have s (t) = F~ (F (s (t))) and S(f) = F (F~1(S(f))), and these results are indeed valid with
minor exceptions.

(1.121)

NOTE: Recall that the Fourier series for a square wave gives a value for the signal at the dis-
continuities equal to the average value of the jump. This value may differ from how the signal is
defined in the time domain, but being unequal at a point is indeed minor.

Showing that you "get back to where you started" is difficult from an analytic viewpoint, and we won’t try
here. Note that the direct and inverse transforms differ only in the sign of the exponent.

Exercise 1.4.8.1 (Solution on p. 140.)

The differing exponent signs means that some curious results occur when we use the wrong sign.
What is F (S (f))? In other words, use the wrong exponent sign in evaluating the inverse Fourier
transform.

Properties of the Fourier transform and some useful transform pairs are provided in the accompanying
tables (Table 1.1: Short Table of Fourier Transform Pairs and Table 1.2: Fourier Transform Properties).
Especially important among these properties is Parseval’s Theorem, which states that power computed
in either domain equals the power in the other.

/ T 2= / TS () D2 (1.122)

— 00 — 00

Of practical importance is the conjugate symmetry property: When s (¢) is real-valued, the spectrum at
negative frequencies equals the complex conjugate of the spectrum at the corresponding positive frequencies.
Consequently, we need only plot the positive frequency portion of the spectrum (we can easily determine the
remainder of the spectrum).

Exercise 1.4.8.2 (Solution on p. 140.)
How many Fourier transform operations need to be applied to get the original signal back:
F (- (F(s) =s(t)?

Note that the mathematical relationships between the time domain and frequency domain versions of the
same signal are termed transforms. We are transforming (in the nontechnical meaning of the word) a signal
from one representation to another. We express Fourier transform pairs as s (t) <> S(f). A signal’s time
and frequency domain representations are uniquely related to each other. A signal thus "exists" in both
the time and frequency domains, with the Fourier transform bridging between the two. We can define an
information carrying signal in either the time or frequency domains; it behooves the wise engineer to use the
simpler of the two.

A common misunderstanding is that while a signal exists in both the time and frequency domains, a single
formula expressing a signal must contain only time or frequency: Both cannot be present simultaneously.
This situation mirrors what happens with complex amplitudes in circuits: As we reveal how communications
systems work and are designed, we will define signals entirely in the frequency domain without explicitly
finding their time domain variants. This idea is shown in another module (Section 1.4.6) where we define
Fourier series coefficients according to letter to be transmitted. Thus, a signal, though most familiarly defined
in the time-domain, really can be defined equally as well (and sometimes more easily) in the frequency domain.
For example, impedances depend on frequency and the time variable cannot appear.

We will learn (Section 1.4.9) that finding a linear, time-invariant system’s output in the time domain can
be most easily calculated by determining the input signal’s spectrum, performing a simple calculation in the
frequency domain, and inverse transforming the result. Furthermore, understanding communications and
information processing systems requires a thorough understanding of signal structure and of how systems
work in both the time and frequency domains.
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The only difficulty in calculating the Fourier transform of any signal occurs when we have periodic signals
(in either domain). Realizing that the Fourier series is a special case of the Fourier transform, we simply
calculate the Fourier series coefficients instead, and plot them along with the spectra of nonperiodic signals
on the same frequency axis.

Short Table of Fourier Transform Pairs

Fourier Transform Properties

s (t) S(f)
6_(at)u (t) 71'277}'4,»0,
8_(a‘t|) 47‘,2)%;1_’_(12
0 if [¢|>2 ”f
sin(2rW't) S (f) _ 1 if ‘f| <W
m 0 if |f|>W
Table 1.1

Time-Domain Frequency Domain
Linearity a151 (t) + agsz (t) | a1S1 (f) + a252 (f)
Conjugate Symmetry s(t)eR S(f)y=5S(-f)
Even Symmetry s(t) =s(—t) S(fy=S(-f)
Odd Symmetry s(t) = —s(—t) S(f)y=-S(-f)
Scale Change s (at) T}L\S (5)
Time Delay s(t—T) e~ (2717 S (f)
Complex Modulation et2mfots (¢) S(f - fo)
Amplitude Modulation by Cosine | s (t)cos (27 fot) w
Amplitude Modulation by Sine s (t) sin (27 fot) W
Differentiation %5 (t) 2nfS (f)
Integration ffoc s (a) da i21rfS( )if S(0)=0
Multiplication by ¢ ts (t) s S
Area 7 s(t)dt S (0)
Value at Origin 5(0) S S () df
Parseval’s Theorem [ (s@yD?a | 2 (S (f) )*df

Table 1.2

Example 1.15

In communications, a very important operation on a signal s(t) is to amplitude modulate it.
Using this operation more as an example rather than elaborating the communications aspects here,
we want to compute the Fourier transform — the spectrum — of

(1+ s(t))cos (2w f.t)
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Thus,
(1+ s(¢)) cos (2w fot) = cos (2w fot) + s (t) cos (2 f..t)
For the spectrum of cos (27 f.t), we use the Fourier series. Its period is fi,

1

Fourier coefficients are c1; = 5. The second term is not periodic unless s () has the same period

as the sinusoid. Using Euler’s relation, the spectrum of the second term can be derived as

and its only nonzero

oo
s (t) cos (2m fot) = / S (f) e tdfcos (2 f.t)
—o0
Using Euler’s relation for the cosine,

(s (t)cos (2m fet)) = 1/00 S (f) eiritfltgr 4 % /oo S (f)erU—Ttgy

2 —oo —oo

(5 (1) cos (2mfut)) = 5 / TS e / TS (F 4 ) eIty

2

eiQWftdf

(5 (£) cos (27 1)) = /

Exploiting the uniqueness property of the Fourier transform, we have
_ S(f_fc)+5(f+fc)

F (s(t)cos (2mfet)) = 5 (1.123)

This component of the spectrum consists of the original signal’s spectrum delayed and advanced
in frequency. The spectrum of the amplitude modulated signal is shown in Figure 1.50.

A s
s -
AX()
S(f+fe) S(ffc)
oW —fg —Tg+W oW o oW ™

Figure 1.50: A signal which has a triangular shaped spectrum is shown in the top plot. Its highest
frequency — the largest frequency containing power — is W Hz. Once amplitude modulated, the resulting
spectrum has "lines" corresponding to the Fourier series components at & (f.) and the original triangular
spectrum shifted to components at + (f.) and scaled by %

Note how in this figure the signal s (¢) is defined in the frequency domain. To find its time
domain representation, we simply use the inverse Fourier transform.

Exercise 1.4.8.3 (Solution on p. 140.)
What is the signal s (¢) that corresponds to the spectrum shown in the upper panel of Figure 1.507
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Exercise 1.4.8.4 (Solution on p. 140.)
What is the power in z (t), the amplitude-modulated signal? Try the calculation in both the time
and frequency domains.

In this example, we call the signal s (¢) a baseband signal because its power is contained at low frequencies.
Signals such as speech and the Dow Jones averages are baseband signals. The baseband signal’s bandwidth
equals W, the highest frequency at which it has power. Since z (¢)’s spectrum is confined to a frequency band
not close to the origin (we assume f. > W), we have a bandpass signal. The bandwidth of a bandpass
signal is not its highest frequency, but the range of positive frequencies where the signal has power. Thus,
in this example, the bandwidth is 2WHz. Why a signal’s bandwidth should depend on its spectral shape
will become clear once we develop communications systems.

1.4.9 Linear Time Invariant Systems®

When we apply a periodic input to a linear, time-invariant system, the output is periodic and has Fourier
series coefficients equal to the product of the system’s frequency response and the input’s Fourier coefficients
(Filtering Periodic Signals (1.113)). The way we derived the spectrum of non-periodic signal from periodic
ones makes it clear that the same kind of result works when the input is not periodic: If x (¢) serves as
the input to a linear, time-invariant system having frequency response H (f), the spectrum of
the output is X (f) H (f).

Example 1.16

Let’s use this frequency-domain input-output relationship for linear, time-invariant systems to
find a formula for the RC-circuit’s response to a pulse input. We have expressions for the input’s
spectrum and the system’s frequency response.

P(f) = e@’ffA)Sm(;;fA) (1.124)
1
H(f) = Tt i2nfRC (1.125)

Thus, the output’s Fourier transform equals

_ —GimfaySIn(TfA) 1
ru=e rf 1+i2nfRC (1.126)

You won’t find this Fourier transform in our table, and the required integral is difficult to evaluate
as the expression stands. This situation requires cleverness and an understanding of the Fourier
transform’s properties. In particular, recall Euler’s relation for the sinusoidal term and note the
fact that multiplication by a complex exponential in the frequency domain amounts to a time delay.
Let’s momentarily make the expression for Y (f) more complicated.

e~(nfA)SNEIA) o (infA) /A e (7D
" ) i) (1.127)
= g (l—e )
Consequently,
: 1
r= <17 7(“%))7 1.128
)=\l 1127 fRC (1.128)

The table of Fourier transform properties (Table 1.2: Fourier Transform Properties) suggests
thinking about this expression as a product of terms.

1

e Multiplication by 75,7 Means integration.

38This content is available online at <http://cnx.org/content/m0048,/2.19/>.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



63

e Multiplication by the complex exponential e~ (">7/2) means delay by A seconds in the time
domain.

e The term 1 — e~ (7f2) means, in the time domain, subtract the time-delayed signal from its
original.

e The inverse transform of the frequency response is %e‘ﬁu (t).

We can translate each of these frequency-domain products into time-domain operations in any
order we like because the order in which multiplications occur doesn’t affect the result. Let’s
start with the product of (integration in the time domain) and the transfer function:

1
27 f
1 1

i2nf1+i2r fRC

o (1 - e—%) u(t) (1.129)

The middle term in the expression for Y (f) consists of the difference of two terms: the constant
1 and the complex exponential e~ (27f2) Because of the Fourier transform’s linearity, we simply
subtract the results.

Y (f) & (ygﬁ)u(t)f (1767%)1@7@ (1.130)

Note that in delaying the signal how we carefully included the unit step. The second term in this

result does not begin until ¢ = A. Thus, the waveforms shown in the Filtering Periodic Signals
(Figure 1.48: Filtering a periodic signal) example mentioned above are exponentials. We say that
the time constant of an exponentially decaying signal equals the time it takes to decrease by é
of its original value. Thus, the time-constant of the rising and falling portions of the output equal
the product of the circuit’s resistance and capacitance.

Exercise 1.4.9.1 (Solution on p. 140.)
Derive the filter’s output by considering the terms in (1.127) in the order given. Integrate last
rather than first. You should get the same answer.

In this example, we used the table extensively to find the inverse Fourier transform, relying mostly on
what multiplication by certain factors, like ﬁ and e~ (27f2) ‘meant. We essentially treated multiplication

by these factors as if they were transfer functions of some fictitious circuit. The transfer function ﬁ
corresponded to a circuit that integrated, and e~ (27f2) to one that delayed. We even implicitly interpreted
the circuit’s transfer function as the input’s spectrum! This approach to finding inverse transforms — breaking
down a complicated expression into products and sums of simple components — is the engineer’s way of
breaking down the problem into several subproblems that are much easier to solve and then gluing the results
together. Along the way we may make the system serve as the input, but in the rule Y (f) = X (f) H (f),
which term is the input and which is the transfer function is merely a notational matter (we labeled one

factor with an X and the other with an H).

1.4.9.1 Transfer Functions

The notion of a transfer function applies well beyond linear circuits. Although we don’t have all we need
to demonstrate the result as yet, all linear, time-invariant systems have a frequency-domain input-output
relation given by the product of the input’s Fourier transform and the system’s transfer function. Thus,
linear circuits are a special case of linear, time-invariant systems. As we tackle more sophisticated problems
in transmitting, manipulating, and receiving information, we will assume linear systems having certain
properties (transfer functions) without worrying about what circuit has the desired property. At this point,
you may be concerned that this approach is glib, and rightly so. Later we’ll show that by involving software
that we really don’t need to be concerned about constructing a transfer function from circuit elements and
op-amps.
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1.4.9.2 Commutative Transfer Functions

Another interesting notion arises from the commutative property of multiplication (exploited in an example
above (Example 1.16)): We can rather arbitrarily choose an order in which to apply each product. Consider
a cascade of two linear, time-invariant systems. Because the Fourier transform of the first system’s output is
X (f) Hy1 (f) and it serves as the second system’s input, the cascade’s output spectrum is X (f) Hy (f) Ha (f).
Because this product also equals X (f) Hz (f) H1 (f), the cascade having the linear systems in the
opposite order yields the same result. Furthermore, the cascade acts like a single linear system, having
transfer function H; (f) Ha (f). This result applies to other configurations of linear, time-invariant systems
as well; see this Frequency Domain Problem (Problem 1.13). Engineers exploit this property by determining
what transfer function they want, then breaking it down into components arranged according to standard
configurations. Using the fact that op-amp circuits can be connected in cascade with the transfer function
equaling the product of its component’s transfer function (see this analog signal processing problem3?), we
find a ready way of realizing designs. We now understand why op-amp implementations of transfer functions
are so important.

1.4.10 Frequency Domain Problems™

Problem 1.1: Simple Fourier Series
Find the complex Fourier series representations of the following signals without explicitly calculating Fourier
integrals. What is the signal’s period in each case?

2112 (t)
cos (t) + 2cos (2t)
cos (2t) cos (t)

cos (107t + ) (1 + cos (27t))

As®)
1

i

oo|—

FNEN

oo|wo
—

Figure 1.51

Problem 1.2: Fourier Series

Find the Fourier series representation for the following periodic signals (Figure 1.52). For the third signal,
find the complex Fourier series for the triangle wave without performing the usual Fourier integrals. Hint:
How is this signal related to one for which you already have the series?

391 Analog Signal Processing Problems", Problem 44 <http://cnx.org/content/m10349/latest/#i25>
40This content is available online at <http://cnx.org/content/m10350/2.43/>.
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Figure 1.52

Problem 1.3: Phase Distortion
We can learn about phase distortion by returning to circuits and investigate the following circuit (Fig-
ure 1.53).
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Figure 1.53

Find this filter’s transfer function.

Find the magnitude and phase of this transfer function. How would you characterize this circuit?

Let viy () be a square-wave of period T. What is the Fourier series for the output voltage?

Use Matlab to find the output’s waveform for the cases T'= 0.01 and T' = 2. What value of T' delineates
the two kinds of results you found? The software in fourier2.m might be useful.

Instead of the depicted circuit, the square wave is passed through a system that delays its input, which
applies a linear phase shift to the signal’s spectrum. Let the delay 7 be %. Use the transfer function
of a delay to compute using Matlab the Fourier series of the output. Show that the square wave is
indeed delayed.

Problem 1.4: Approximating Periodic Signals
Often, we want to approximate a reference signal by a somewhat simpler signal. To assess the quality of
an approximation, the most frequently used error measure is the mean-squared error. For a periodic signal

s (t),

= %/O (s(t) —5(t))2dt

where s (t) is the reference signal and § (¢) its approximation. One convenient way of finding approximations
for periodic signals is to truncate their Fourier series.

K
c21k
5(t) = Z cpet Tt
k=—K

The point of this problem is to analyze whether this approach is the best (i.e., always minimizes the mean-
squared error).

a)

b)

Find a frequency-domain expression for the approximation error when we use the truncated Fourier
series as the approximation.

Instead of truncating the series, let’s generalize the nature of the approximation to including any set of
2K + 1 terms: We'll always include the ¢y and the negative indexed term corresponding to c;. What
selection of terms minimizes the mean-squared error? Find an expression for the mean-squared error
resulting from your choice.

Find the Fourier series for the depicted signal (Figure 1.54). Use Matlab to find the truncated approx-
imation and best approximation involving two terms. Plot the mean-squared error as a function of K
for both approximations.
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Figure 1.54

Problem 1.5: Long, Hot Days

The daily temperature is a consequence of several effects, one of them being the sun’s heating. If this were
the dominant effect, then daily temperatures would be proportional to the number of daylight hours. The
plot (Figure 1.55) shows that the average daily high temperature does not behave that way.
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Figure 1.55

In this problem, we want to understand the temperature component of our environment using Fourier
series and linear system theory. The file temperature.mat contains these data (daylight hours in the first
row, corresponding average daily highs in the second) for Houston, Texas.

a) Let the length of day serve as the sole input to a system having an output equal to the average daily
temperature. Examining the plots of input and output, would you say that the system is linear or not?
How did you reach you conclusion?
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b) Find the first five terms (co, ... , ¢4) of the complex Fourier series for each signal. Use the following
formula that approximates the integral required to find the Fourier coefficients.

366
1
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c) What is the harmonic distortion in the two signals? Exclude ¢y from this calculation.

d) Because the harmonic distortion is small, let’s concentrate only on the first harmonic. What is the
phase shift between input and output signals?

e) Find the transfer function of the simplest possible linear model that would describe the data. Char-
acterize and interpret the structure of this model. In particular, give a physical explanation for the
phase shift.

f) Predict what the output would be if the model had no phase shift. Would days be hotter? If so, by
how much?

Problem 1.6: Fourier Transform Pairs
Find the Fourier or inverse Fourier transform of the following.

a) Vt: (z(t) =e (@)

b) z (t) = te~ @y ()

1if |f|<W

0 if [fl>W
d) z(t) = e (®cos (27 fot) u ()

c) X(f) =

Problem 1.7: Duality in Fourier Transforms

"Duality" means that the Fourier transform and the inverse Fourier transform are very similar. Conse-
quently, the waveform s (¢) in the time domain and the spectrum s(f) have a Fourier transform and an
inverse Fourier transform, respectively, that are very similar.

a) Calculate the Fourier transform of the signal shown below (Figure 1.56(a)).

b) Calculate the inverse Fourier transform of the spectrum shown below (Figure 1.56(b)).

¢) How are these answers related? What is the general relationship between the Fourier transform of s ()
and the inverse transform of s (f)?

(a) (b)

Figure 1.56
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Problem 1.8: Spectra of Pulse Sequences
Pulse sequences occur often in digital communication and in other fields as well. What are their spectral

properties?

a) Calculate the Fourier transform of the single pulse shown below (Figure 1.57(a)).

b) Calculate the Fourier transform of the two-pulse sequence shown below (Figure 1.57(Db)).

c¢) Calculate the Fourier transform for the ten-pulse sequence shown in below (Figure 1.57(c)). You
should look for a general expression that holds for sequences of any length.

d) Using Matlab, plot the magnitudes of the three spectra. Describe how the spectra change as the
number of repeated pulses increases.

Figure 1.57

Problem 1.9: Spectra of Digital Communication Signals

One way to represent bits with signals is shown in Figure 1.58. If the value of a bit is a “1”, it is represented
by a positive pulse of duration 7. If it is a “0”, it is represented by a negative pulse of the same duration.
To represent a sequence of bits, the appropriately chosen pulses are placed one after the other.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



70 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS
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Figure 1.58

a) What is the spectrum of the waveform that represents the alternating bit sequence “...01010101...””?

b) This signal’s bandwidth is defined to be the frequency range over which 90% of the power is contained.
What is this signal’s bandwidth?

c¢) Suppose the bit sequence becomes “...00110011...”. Now what is the bandwidth?

Problem 1.10: Lowpass Filtering a Square Wave
Let a square wave (period T') serve as the input to a first-order lowpass system constructed as a RC filter.
We want to derive an expression for the time-domain response of the filter to this input.

a) First, consider the response of the filter to a simple pulse, having unit amplitude and width % Derive
an expression for the filter’s output to this pulse.

b) Noting that the square wave is a superposition of a sequence of these pulses, what is the filter’s response
to the square wave?

c) The nature of this response should change as the relation between the square wave’s period and the
filter’s cutoff frequency change. How long must the period be so that the response does not achieve
a relatively constant value between transitions in the square wave? What is the relation of the filter’s
cutoff frequency to the square wave’s spectrum in this case?

Problem 1.11: Mathematics with Circuits

Simple circuits can implement simple mathematical operations, such as integration and differentiation. We
want to develop an active circuit (it contains an op-amp) having an output that is proportional to the
integral of its input. For example, you could use an integrator in a car to determine distance traveled from
the speedometer.

a) What is the transfer function of an integrator?
b) Find an op-amp circuit so that its voltage output is proportional to the integral of its input for all
signals.

Problem 1.12: Where is that sound coming from?

We determine where sound is coming from because we have two ears and a brain. Sound travels at a
relatively slow speed and our brain uses the fact that sound will arrive at one ear before the other. As shown
here (Figure 1.59), a sound coming from the right arrives at the left ear 7 seconds after it arrives at the right
ear.
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Figure 1.59

Once the brain finds this propagation delay, it can determine the sound direction. In an attempt to
model what the brain might do, RU signal processors want to design an optimal system that delays each
ear’s signal by some amount then adds them together. A; and A, are the delays applied to the left and right
signals respectively. The idea is to determine the delay values according to some criterion that is based on
what is measured by the two ears.

a) What is the transfer function between the sound signal s (t) and the processor output y (¢
b) One way of determining the delay 7 is to choose A; and A, to maximize the power in y (
these maximum-power processing delays related to 77

)?
t). How are

Problem 1.13: Arrangements of Systems

Architecting a system of modular components means arranging them in various configurations to achieve
some overall input-output relation. For each of the following (Figure 1.60), determine the overall transfer
function between x (¢) and y ().
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(c) system ¢

Figure 1.60

The overall transfer function for the cascade (first depicted system) is particularly interesting. What
does it say about the effect of the ordering of linear, time-invariant systems in a cascade?

Problem 1.14: Filtering
Let the signal s (t) = w be the input to a linear, time-invariant filter having the transfer function shown
below (Figure 1.61). Find the expression for y (¢), the filter’s output.

H(T1
»

4

Figure 1.61
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Problem 1.15: Circuits Filter!

A unit-amplitude pulse with duration of one second serves as the input to an RC-circuit having transfer
function )

2 f

M= iony

a) How would you categorize this transfer function: lowpass, highpass, bandpass, other?
b) Find a circuit that corresponds to this transfer function.
c¢) Find an expression for the filter’s output.

Problem 1.16: Reverberation
Reverberation corresponds to adding to a signal its delayed version.

a) Assuming 7 represents the delay, what is the input-output relation for a reverberation system? Is
the system linear and time-invariant? If so, find the transfer function; if not, what linearity or time-
invariance criterion does reverberation violate.

b) A music group known as the ROwls is having trouble selling its recordings. The record company’s
engineer gets the idea of applying different delay to the low and high frequencies and adding the result
to create a new musical effect. Thus, the ROwls’ audio would be separated into two parts (one less
than the frequency fo, the other greater than fy), these would be delayed by 7, and 7, respectively,
and the resulting signals added. Draw a block diagram for this new audio processing system, showing
its various components.

c) How does the magnitude of the system’s transfer function depend on the two delays?

Problem 1.17: Echoes in Telephone Systems

A frequently encountered problem in telephones is echo. Here, because of acoustic coupling between the ear
piece and microphone in the handset, what you hear is also sent to the person talking. That person thus
not only hears you, but also hears her own speech delayed (because of propagation delay over the telephone
network) and attenuated (the acoustic coupling gain is less than one). Furthermore, the same problem
applies to you as well: The acoustic coupling occurs in her handset as well as yours.

a) Develop a block diagram that describes this situation.

b) Find the transfer function between your voice and what the listener hears.

c) Each telephone contains a system for reducing echoes using electrical means. What simple system
could null the echoes?

Problem 1.18: Effective Drug Delivery

In most patients, it takes time for the concentration of an administered drug to achieve a constant level
in the blood stream. Typically, if the drug concentration in the patient’s intravenous line is Cqu (t), the
concentration in the patient’s blood stream is C,, (1 — e~ (@) u (¢).

a) Assuming the relationship between drug concentration in the patient’s drug and the delivered concen-
tration can be described as a linear, time-invariant system, what is the transfer function?

b) Sometimes, the drug delivery system goes awry and delivers drugs with little control. What would the
patient’s drug concentration be if the delivered concentration were a ramp? More precisely, if it were
C’dtu (t)7

c) A clever doctor wants to have the flexibility to slow down or speed up the patient’s drug concentration.
In other words, the concentration is to be C, (1 - e_(bt)) u (t), with b bigger or smaller than a. How
should the delivered drug concentration signal be changed to achieve this concentration profile?
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Problem 1.19: Catching Speeders with Radar

RU Electronics has been contracted to design a Doppler radar system. Radar transmitters emit a signal that
bounces off any conducting object. Signal differences between what is sent and the radar return is processed
and features of interest extracted. In Doppler systems, the object’s speed along the direction of the radar
beam is the feature the design must extract. The transmitted signal is a sinsusoid: x (t) = Acos (27 f.t).
The measured return signal equals Bcos (27 ((f. + Af) t + ¢)), where the Doppler offset frequency Af equals
10v, where v is the car’s velocity coming toward the transmitter.

a) Design a system that uses the transmitted and return signals as inputs and produces Af.

b) One problem with designs based on overly simplistic design goals is that they are sensitive to unmodeled
assumptions. How would you change your design, if at all, so that whether the car is going away or
toward the transmitter could be determined?

c) Suppose two objects traveling different speeds provide returns. How would you change your design, if
at all, to accomodate multiple returns?

Problem 1.20: Demodulating an AM Signal
Let m (t) denote the signal that has been amplitude modulated.

z(t)=A(1+m(t))sin (2nf.t)

Radio stations try to restrict the amplitude of the signal m (t) so that it is less than one in magnitude. The
frequency f. is very large compared to the frequency content of the signal. What we are concerned about
here is not transmission, but reception.

a) The so-called coherent demodulator simply multiplies the signal z (¢) by a sinusoid having the same
frequency as the carrier and lowpass filters the result. Analyze this receiver and show that it works.
Assume the lowpass filter is ideal.

b) Oue issue in coherent reception is the phase of the sinusoid used by the receiver relative to that used
by the transmitter. Assuming that the sinusoid of the receiver has a phase ¢, how does the output
depend on ¢? What is the worst possible value for this phase?

¢) The incoherent receiver is more commonly used because of the phase sensitivity problem inherent in
coherent reception. Here, the receiver full-wave rectifies the received signal and lowpass filters the
result (again ideally). Analyze this receiver. Does its output differ from that of the coherent receiver
in a significant way?

Problem 1.21: Unusual Amplitude Modulation

We want to send a band-limited signal having the depicted spectrum (Figure 1.62(a)) with amplitude mod-
ulation in the usual way. I.B. Different suggests using the square-wave carrier shown below (Figure 1.62(b)).
Well, it is different, but his friends wonder if any technique can demodulate it.

a) Find an expression for X (f), the Fourier transform of the modulated signal.

) Sketch the magnitude of X (f), being careful to label important magnitudes and frequencies.
) What demodulation technique obviously works?
) L.B. challenges three of his friends to demodulate x () some other way. One friend suggests modulating
z (t) with cos (%), another wants to try modulating with cos (t) and the third thinks cos (25%) will
work. Sketch the magnitude of the Fourier transform of the signal each student’s approach produces.

Which student comes closest to recovering the original signal? Why?

b
c
d
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Problem 1.22: Sammy Falls Asleep...

While sitting in ELEC 241 class, he falls asleep during a critical time when an AM receiver is being described.
The received signal has the form 7 (t) = A (1 + m (t)) cos (2nf.t + ¢) where the phase ¢ is unknown. The
message signal is m (t); it has a bandwidth of W Hz and a magnitude less than 1 (|m ()| < 1). The phase ¢
is unknown. The instructor drew a diagram (Figure 1.63) for a receiver on the board; Sammy slept through
the description of what the unknown systems where.

cos 2mfct
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Figure 1.63

a) What are the signals z. (t) and x; (¢)?
b) What would you put in for the unknown systems that would guarantee that the final output contained
the message regardless of the phase?

HiNT: Think of a trigonometric identity that would prove useful.

¢) Sammy may have been asleep, but he can think of a far simpler receiver. What is it?
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Problem 1.23: Jamming

Sid Richardson college decides to set up its own AM radio station KSRR. The resident electrical engineer
decides that she can choose any carrier frequency and message bandwidth for the station. A rival college
decides to jam its transmissions by transmitting a high-power signal that interferes with radios that try to
receive KSRR. The jamming signal jam (¢) is what is known as a sawtooth wave (depicted in Figure 1.64)
having a period known to KSRR’s engineer.

T 2T

Figure 1.64

a) Find the spectrum of the jamming signal.

b) Can KSRR entirely circumvent the attempt to jam it by carefully choosing its carrier frequency and
transmission bandwidth? If so, find the station’s carrier frequency and transmission bandwidth in
terms of T, the period of the jamming signal; if not, show why not.

Problem 1.24: AM Stereo

A stereophonic signal consists of a "left" signal [ (t) and a "right" signal r (¢) that conveys sounds coming
from an orchestra’s left and right sides, respectively. To transmit these two signals simultaneously, the
transmitter first forms the sum signal sy (t) = [(t) + r (t) and the difference signal s_ (t) = [ (t) — r (¢).
Then, the transmitter amplitude-modulates the difference signal with a sinusoid having frequency 2W, where
W is the bandwidth of the left and right signals. The sum signal and the modulated difference signal are
added, the sum amplitude-modulated to the radio station’s carrier frequency f., and transmitted. Assume
the spectra of the left and right signals are as shown (Figure 1.65).

L(F) A R(

| W>f W W>f

Figure 1.65

a) What is the expression for the transmitted signal? Sketch its spectrum.
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b) Show the block diagram of a stereo AM receiver that can yield the left and right signals as separate

outputs.
c¢) What signal would be produced by a conventional coherent AM receiver that expects to receive a

standard AM signal conveying a message signal having bandwidth W?

Problem 1.25: Novel AM Stereo Method

A clever engineer has submitted a patent for a new method for transmitting two signals simultaneously
in the same transmission bandwidth as commercial AM radio. As shown (Figure 1.66), her approach is to
modulate the positive portion of the carrier with one signal and the negative portion with a second.

Example Transmitter Waveform

Amplitude

0 1 2 3 4 5 6 7 8 9 10
Time

Figure 1.66

In detail the two message signals m; (t) and ms (t) are bandlimited to W Hz and have maximal amplitudes
equal to 1. The carrier has a frequency f. much greater than W. The transmitted signal x (¢) is given by

t) A(1+amq (t))sin (2nfet) if sin(2nfct) >0
x =

A(1+amqy (t))sin (2nfet) if sin(2nfct) <O
In all cases, 0 < a < 1. The plot shows the transmitted signal when the messages are sinusoids: my (t) =
sin (27 f,,t) and mo (t) = sin (272f,,t) where 2f,, < W. You, as the patent examiner, must determine
whether the scheme meets its claims and is useful.

a) Provide a more concise expression for the transmitted signal x (¢) than given above.

b) What is the receiver for this scheme? It would yield both m; (¢) and ma (¢) from x ().

c¢) Find the spectrum of the positive portion of the transmitted signal.

d) Determine whether this scheme satisfies the design criteria, allowing you to grant the patent. Explain
your reasoning.
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Problem 1.26: A Radical Radio Idea
An ELEC 241 student has the bright idea of using a square wave instead of a sinusoid as an AM carrier.
The transmitted signal would have the form

z(t) = Al +m(t))sar (1)
where the message signal m (t) would be amplitude-limited: |m ()| < 1

a) Assuming the message signal is lowpass and has a bandwidth of W Hz, what values for the square
wave’s period T are feasible. In other words, do some combinations of W and T prevent reception?

b) Assuming reception is possible, can standard radios receive this innovative AM transmission? If so,
show how a coherent receiver could demodulate it; if not, show how the coherent receiver’s output
would be corrupted. Assume that the message bandwidth W = 5 kHz.

Problem 1.27: Secret Communication
An amplitude-modulated secret message m (t) has the following form.

r(t)=A14+m(t))cos (2 (fo+ fo)t)

The message signal has a bandwidth of W Hz and a magnitude less than 1 (Jm (¢)| < 1). The idea is to
offset the carrier frequency by fy Hz from standard radio carrier frequencies. Thus, "off-the-shelf" coherent
demodulators would assume the carrier frequency has f. Hz. Here, fo < W.

a) Sketch the spectrum of the demodulated signal produced by a coherent demodulator tuned to f. Hz.
b) Will this demodulated signal be a “scrambled” version of the original? If so, how so; if not, why not?
c) Can you develop a receiver that can demodulate the message without knowing the offset frequency f.?

Problem 1.28: Signal Scrambling

An excited inventor announces the discovery of a way of using analog technology to render music unlistenable
without knowing the secret recovery method. The idea is to modulate the bandlimited message m (t) by a
special periodic signal s (t) that is zero during half of its period, which renders the message unlistenable and
superficially, at least, unrecoverable (Figure 1.67).

T T T
4 2
Figure 1.67

a) What is the Fourier series for the periodic signal?

b) What are the restrictions on the period T so that the message signal can be recovered from m (t) s (t)?

c¢) ELEC 241 students think they have "broken" the inventor’s scheme and are going to announce it to
the world. How would they recover the original message without having detailed knowledge of the
modulating signal?
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1.5 Continuous Time Fourier Transform (CTFT)

1.5.1 Continuous Time Fourier Transform (CTFT)"
1.5.1.1 Introduction

In this module, we will derive an expansion for any arbitrary continuous-time function, and in doing so,
derive the Continuous Time Fourier Transform (CTFT).

Since complex exponentials (Section 1.1.5) are eigenfunctions of linear time-invariant (LTI) systems?*2,
calculating the output of an LTI system # given e*! as an input amounts to simple multiplication, where
H (s) € C is the eigenvalue corresponding to s. As shown in the figure, a simple exponential input would
yield the output

y(t) = H (s)e** (1.131)

Image not finished

Using this and the fact that # is linear, calculating y (¢) for combinations of complex exponentials is also
straightforward.

c1e”t 4 cpe”" — 1 H (s1) €' + co H (s7) e**

E cpe’rt — E cnH (s,) et
n n

The action of H on an input such as those in the two equations above is easy to explain. H inde-
pendently scales each exponential component e*»! by a different complex number H (s,,) € C. As such, if
we can write a function f (¢) as a combination of complex exponentials it allows us to easily calculate the
output of a system.

Now, we will look to use the power of complex exponentials to see how we may represent arbitrary signals
in terms of a set of simpler functions by superposition of a number of complex exponentials. Below we will
present the Continuous-Time Fourier Transform (CTFT), commonly referred to as just the Fourier
Transform (FT). Because the CTFT deals with nonperiodic signals, we must find a way to include all real
frequencies in the general equations. For the CTFT we simply utilize integration over real numbers rather
than summation over integers in order to express the aperiodic signals.

1.5.1.2 Fourier Transform Synthesis

Joseph Fourier®® demonstrated that an arbitrary s () can be written as a linear combination of harmonic
complex sinusoids

s(t)= > caeom (1.132)

n=—oo

where wy = 2% is the fundamental frequency. For almost all s (¢) of practical interest, there exists ¢,, to make
(1.132) true. If s (¢) is finite energy (s (t) € L?[0,77), then the equality in (1.132) holds in the sense of energy
convergence; if s (t) is continuous, then (1.132) holds pointwise. Also, if s(¢) meets some mild conditions
(the Dirichlet conditions), then (1.132) holds pointwise everywhere except at points of discontinuity.

The ¢, - called the Fourier coefficients - tell us "how much" of the sinusoid e/“°" is in s (¢). The formula
shows s (t) as a sum of complex exponentials, each of which is easily processed by an LTI system (since it
is an eigenfunction of every LTI system). Mathematically, it tells us that the set of complex exponentials
{Vn, ner: (ejwf’"t)} form a basis for the space of T-periodic continuous time functions.

41This content is available online at <http://cnx.org/content/m10098/2.17/>.
421 Eigenfunctions of LTT Systems" <http://cnx.org/content/m10500/latest/>
43http:/ /www-groups.dcs.st-and.ac.uk/~history /Mathematicians/Fourier.ht ml
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1.5.1.2.1 Equations

Now, in order to take this useful tool and apply it to arbitrary non-periodic signals, we will have to delve
deeper into the use of the superposition principle. Let s (¢) be a periodic signal having period 7. We want
to consider what happens to this signal’s spectrum as the period goes to infinity. We denote the spectrum
for any assumed value of the period by ¢, (T'). We calculate the spectrum according to the Fourier formula
for a periodic signal, known as the Fourier Series (for more on this derivation, see the section on Fourier
Series.)

T
Cn = %/ s (t) exp (—Bwot) dt (1.133)
0

where wy = 2% and where we have used a symmetric placement of the integration interval about the origin

for subsequent derivational convenience. We vary the frequency index n proportionally as we increase the
period. Define

St (f)=Te, = %/0 (St (f) exp (Bwot) dt(1.134)

making the corresponding Fourier Series

1

st () =Y _f(t)exp (Buwot) T (1.135)

As the period increases, the spectral lines become closer together, becoming a continuum. Therefore,

Tim s (1) = 5 (1) = / S (f) exp (Buot) df (1.136)
— 00
with -

S(f) = / 5 (1) exp (—Buwot) dt (1.137)
Continuous-Time Fourier Transform

F(Q) =/ f ) e ay (1.138)
Inverse CTFT ) -

ft)= %/ F () e dQ (1.139)

WARNING: It is not uncommon to see the above formula written slightly different. One of the most
common differences is the way that the exponential is written. The above equations use the radial
frequency variable €2 in the exponential, where 2 = 27 f, but it is also common to include the more
explicit expression, i27 ft, in the exponential. Click here** for an overview of the notation used in
Connexion’s DSP modules.

Example 1.17 _ _
We know from Euler’s formula that cos (wt) + sin (wt) = 152eI@t + Hde=iwt,

44"DSP notation" <http://cnx.org/content/m10161/latest/>
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1.5.1.3 CTFT Definition Demonstration

CTFT Definition

Systems [Gauss UnitBox ExpStep]

Phase Change

ik T —
LS g Show Wave Eguation E Show Fourier Equation ||
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Figure 1.68: Interact (when online) with a Mathematica CDF demonstrating Continuous Time Fourier
Transform. To Download, right-click and save as .cdf.

1.5.1.4 Example Problems

Exercise 1.5.1.1 (Solution on p. 140.)
Find the Fourier Transform (CTFT) of the function

—(at) if t>0
Fo=4°° "= (1140

0 otherwise

Exercise 1.5.1.2

(Solution on p. 140.)
Find the inverse Fourier transform of the ideal lowpass filter defined by

1if Q) <M
X (Q) = (1.141)

0 otherwise

1.5.1.5 Fourier Transform Summary

Because complex exponentials are eigenfunctions of LTI systems, it is often useful to represent signals using
a set of complex exponentials as a basis. The continuous time Fourier series synthesis formula expresses a

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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continuous time, periodic function as the sum of continuous time, discrete frequency complex exponentials.

f) = i Cpel o (1.142)

n=—oo

The continuous time Fourier series analysis formula gives the coefficients of the Fourier series expansion.

1T ;
Cn = — / f(t) e~ Gwont) gy (1.143)
T 0

In both of these equations wy = 2% is the fundamental frequency.

1.5.2 Properties of the CTFT*
1.5.2.1 Introduction

This module will look at some of the basic properties of the Continuous-Time Fourier Transform (Sec-
tion 1.5.1) (CTFT).

NOTE: We will be discussing these properties for aperiodic, continuous-time signals but understand
that very similar properties hold for discrete-time signals and periodic signals as well.

1.5.2.2 Discussion of Fourier Transform Properties
1.5.2.2.1 Linearity

The combined addition and scalar multiplication properties in the table above demonstrate the basic property
of linearity. What you should see is that if one takes the Fourier transform of a linear combination of signals
then it will be the same as the linear combination of the Fourier transforms of each of the individual signals.
This is crucial when using a table (Section 1.8.7) of transforms to find the transform of a more complicated
signal.

Example 1.18
We will begin with the following signal:

z(t) =afi(t) +bf2(t) (1.144)

Now, after we take the Fourier transform, shown in the equation below, notice that the linear
combination of the terms is unaffected by the transform.

A (w) =akF} (w) + bFy ((JJ) (]..].45)

1.5.2.2.2 Symmetry

Symmetry is a property that can make life quite easy when solving problems involving Fourier transforms.
Basically what this property says is that since a rectangular function in time is a sinc function in frequency,
then a sinc function in time will be a rectangular function in frequency. This is a direct result of the similarity
between the forward CTFT and the inverse CTFT. The only difference is the scaling by 27 and a frequency
reversal.

45This content is available online at <http://cnx.org/content/m10100/2.16/>.
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1.5.2.2.3 Time Scaling

This property deals with the effect on the frequency-domain representation of a signal if the time variable
is altered. The most important concept to understand for the time scaling property is that signals that are
narrow in time will be broad in frequency and vice versa. The simplest example of this is a delta function,
a unit pulse*® with a very small duration, in time that becomes an infinite-length constant function in
frequency.

The table above shows this idea for the general transformation from the time-domain to the frequency-
domain of a signal. You should be able to easily notice that these equations show the relationship mentioned
previously: if the time variable is increased then the frequency range will be decreased.

1.5.2.2.4 Time Shifting

Time shifting shows that a shift in time is equivalent to a linear phase shift in frequency. Since the frequency
content depends only on the shape of a signal, which is unchanged in a time shift, then only the phase
spectrum will be altered. This property is proven below:

Example 1.19
We will begin by letting z (t) = f (¢t — 7). Now let us take the Fourier transform with the previous
expression substituted in for z (¢).

:/Oo ft—7)ehqt (1.146)

Now let us make a simple change of variables, where 0 = ¢ — 7. Through the calculations below,
you can see that only the variable in the exponential are altered thus only changing the phase in
the frequency domain.

7 (w) — f f zw(aJr'r)t)dT
—(iwT) f_ 6 (zwa)da (1].4:7)
= e (IUJT)F (W)

1.5.2.2.5 Convolution

Convolution is one of the big reasons for converting signals to the frequency domain, since convolution in
time becomes multiplication in frequency. This property is also another excellent example of symmetry
between time and frequency. It also shows that there may be little to gain by changing to the frequency
domain when multiplication in time is involved.

We will introduce the convolution integral here, but if you have not seen this before or need to refresh
your memory, then look at the continuous-time convolution (Section 1.3.1) module for a more in depth
explanation and derivation.

y(@t) = (fl(t) fz(t))

P (1.148)
= _ 2 — T)daT

46"Elemental Signals": Section Pulse <http://cnx.org/content/m0004/latest/#pulsedef>
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1.5.2.2.6 Time Differentiation

Since LTT (Section 1.2.1) systems can be represented in terms of differential equations, it is apparent with
this property that converting to the frequency domain may allow us to convert these complicated differential
equations to simpler equations involving multiplication and addition. This is often looked at in more detail
during the study of the Laplace Transform*”.

1.5.2.2.7 Parseval’s Relation

/ T (F (1) e = / T (F @) ) (1.149)

— 00

Parseval’s relation tells us that the energy of a signal is equal to the energy of its Fourier transform.

1) < CTFT F(w)

Figure 1.69

1.5.2.2.8 Modulation (Frequency Shift)

Modulation is absolutely imperative to communications applications. Being able to shift a signal to a different
frequency, allows us to take advantage of different parts of the electromagnetic spectrum is what allows us
to transmit television, radio and other applications through the same space without significant interference.
The proof of the frequency shift property is very similar to that of the time shift (Section 1.5.2.2.4: Time
Shifting); however, here we would use the inverse Fourier transform in place of the Fourier transform. Since
we went through the steps in the previous, time-shift proof, below we will just show the initial and final step
to this proof:
1 [~ .
z (t) / F(w—¢)e“tdw (1.150)

T or

—00
Now we would simply reduce this equation through another change of variables and simplify the terms.
Then we will prove the property expressed in the table above:

2 (t) = f(t) e (1.151)

1.5.2.3 Properties Demonstration

An interactive example demonstration of the properties is included below:

47" The Laplace Transform" <http://cnx.org/content/m10110/latest/>
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This media object is a LabVIEW VI. Please view or download it at

<CTFTSPlab.llb>

Figure 1.70: Interactive Signal Processing Laboratory Virtual Instrument created using NI’s Labview.

1.5.2.4 Summary Table of CTFT Properties

Operation Name

Signal ( f(¢))

Transform ( F (w) )

Linearity (Section 1.5.2.2.1: Lin-
earity)

a(fi,t) +b(fa,t)

a(F,w)+b(Fa,w)

Scalar ~ Multiplication  (Sec- | af (¢) aF (w)

tion 1.5.2.2.1: Linearity)

Symmetry (Section 1.5.2.2.2: | F(¢) 2nf (—w)
Symmetry)

Time Scaling (Section 1.5.2.2.3: | f (at) ﬁF ()
Time Scaling)

Time Shift (Section 1.5.2.2.4: | f(t—7) F (w) e~ ()

Time Shifting)

Convolution in Time (Sec-
tion 1.5.2.2.5: Convolution)

Convolution in Frequency (Sec- | fi(t) fa (t) = (F1(t), F2 (1))
tion 1.5.2.2.5: Convolution)
Differentiation (Section 1.5.2.2.6: | 4= f (¢) (iw)"F (w)

Time Differentiation)

Parseval’s Theorem (Sec-
tion 1.5.2.2.7: Parseval’s Re-
lation)

Modulation (Frequency Shift)
(Section 1.5.2.2.8: Modulation
(Frequency Shift))

Table 1.3: Table of Fourier Transform Properties

1.6 Sampling theory

1.6.1 Introduction™

Contents of Sampling chapter

e Introduction(Current module)

e Proof (Section 1.6.2)

48This content is available online at <http://cnx.org/content/m11419/1.29/>.
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Ilustrations (Section 1.6.3)
Matlab Example*?

Hold operation®®

System view (Section 1.6.4)
Aliasing applet®!
Exercises??

Table of formulas®®

1.6.1.1 Why sample?

This section introduces sampling. Sampling is the necessary fundament for all digital signal processing and
communication. Sampling can be defined as the process of measuring an analog signal at distinct points.
Digital representation of analog signals offers advantages in terms of

robustness towards noise, meaning we can send more bits/s

use of flexible processing equipment, in particular the computer
more reliable processing equipment

easier to adapt complex algorithms

1.6.1.2 Claude E. Shannon

Figure 1.71: Claude Elwood Shannon (1916-2001)

Claude Shannon®* has been called the father of information theory, mainly due to his landmark papers on the
"Mathematical theory of communication"?® . Harry Nyquist®® was the first to state the sampling theorem

491gampling and reconstruction with Matlab" <http://cnx.org/content/m11549/latest/>
50"Hold operation" <http://cnx.org/content/m11458/latest/ >

511 Aliasing Applet" <http://cnx.org/content/m11448/latest/>

521 Exercises" <http://cnx.org/content/m11442/latest/>

53" Table of Formulas" <http://cnx.org/content/m11450/latest/>
54http://www.research.att.com/~njas/doc/ces5.html

55http:/ /cm.bell-labs.com/cm/ms/what /shannonday/shannon1948.pdf
56http://www.wikipedia.org/wiki/Harry Nyquist
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in 1928, but it was not proven until Shannon proved it 21 years later in the paper "Communications in the
presence of noise"®7 .

1.6.1.3 Notation

In this chapter we will be using the following notation

Original analog signal z (t)

Sampling frequency Fj

Sampling interval T, (Note that: F, = %

Sampled signal x5 (n). (Note that x5 (n) = x (nTs))
Real angular frequency €2

Digital angular frequency w. (Note that: w = QTy)

1.6.1.4 The Sampling Theorem

NOTE: When sampling an analog signal the sampling frequency must be greater than twice the
highest frequency component of the analog signal to be able to reconstruct the original signal from
the sampled version.

1.6.1.5

Finished? Have at look at: Proof (Section 1.6.2); Illustrations (Section 1.6.3); Matlab Example®®; Aliasing
applet®®; Hold operation®®; System view (Section 1.6.4); Exercises®!

1.6.2 Proof”

NOTE: In order to recover the signal x () from it’s samples exactly, it is necessary to sample x (t)
at a rate greater than twice it’s highest frequency component.

1.6.2.1 Introduction

As mentioned earlier (p. 86), sampling is the necessary fundament when we want to apply digital signal
processing on analog signals.

Here we present the proof of the sampling theorem. The proof is divided in two. First we find an
expression for the spectrum of the signal resulting from sampling the original signal x (t). Next we show
that the signal z (¢) can be recovered from the samples. Often it is easier using the frequency domain when
carrying out a proof, and this is also the case here.

Key points in the proof

We find an equation (1.159) for the spectrum of the sampled signal
We find a simple method to reconstruct (1.165) the original signal
The sampled signal has a periodic spectrum...

...and the period is 2 x 7F}

57http://www.stanford.edu/class/ee104/shannonpaper.pdf

58"Sampling and reconstruction with Matlab" <http://cnx.org/content/m11549/latest/>
59" Aliasing Applet" <http://cnx.org/content/m11448/latest/>

60"T70ld operation" <http://cnx.org/content/m11458 /latest/ >

61"Exercises" <http://cnx.org/content/m11442/latest/ >

62This content is available online at <http://cnx.org/content/m11423/1.27/>.
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1.6.2.2 Proof part 1 - Spectral considerations

By sampling z (t) every Ty second we obtain zs(n). The inverse fourier transform of this time discrete
signal®? is

1 [~ o
—/ X, () e dw (1.152)

zs (n) = 2w

For convenience we express the equation in terms of the real angular frequency €2 using w = Q7. We then
obtain

zs(n) = == / X, (e"7%) e =mqQ) (1.153)
The inverse fourier transform of a continuous signal is
1 o .
z(t) = — / X (iQ) e**df (1.154)
2 J_ o
From this equation we find an expression for x (nT%)
1 o .
x(nTy) = — / X (i) e T= 40 (1.155)
21 J_ o

To account for the difference in region of integration we split the integration in (1.155) into subintervals of
length ZT—’T and then take the sum over the resulting integrals to obtain the complete area.

(2k+1)«

Z e X (iQ) “™T= 4O (1.156)

Then we change the integration variable, setting 2 = n + 2”“’“

-t § [ s

k=—o00

We obtain the final form by observing that e??*™" = 1, reinserting = Q and multiplying by g:—

T, [T < 1 2 ,
z (nTy) = %/W > TX(i(Q-i— ?Fﬂk»em"ﬂd&z (1.158)

iy s s
Ts k=—oc0

To make z, (n) = x (nT) for all values of n, the integrands in (1.153) and (1.158) have to agreee, that is

X, (¢197%) :Tis f: ( <Q+2;k>> (1.159)

k=—o00

This is a central result. We see that the digital spectrum consists of a sum of shifted versions of the original,
analog spectrum. Observe the periodicity!
We can also express this relation in terms of the digital angular frequency w = QT

X, — k_Z:OO ( M) (1.160)

This concludes the first part of the proof. Now we want to find a reconstruction formula, so that we can
recover x (t) from x4 (n).

63" Discrete time signals”" <http://cnx.org/content/m11476 /latest/>
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1.6.2.3 Proof part II - Signal reconstruction
(1.161)

For a bandlimited (Figure 1.73) signal the inverse fourier transform is
0= 7 x (o) eoran
() =5 [ i) e
T
(1.162)

In the interval we are integrating we have: X (eiQTS) = w Substituting this relation into (1.161) we

Ts /Tie Xs (eiQTS) eiQtdQ

get
t =
z(t)=5_ |
T
Using the DTFT%* relation for X, (emTS) we have
x(t) = TS/%r i x5 (n) e~ (1 T:) i 1) (1.163)
2n Jar W '
Interchanging integration and summation (under the assumption of convergence) leads to
T . g iQ(t—nTs)
p(t) =52 n;m zs (n) . e s (1.164)
Finally we perform the integration and arrive at the important reconstruction formula
o sin (%(t—nTs))
t) = s - 1.165
x (t) n;oox (n) = (= nTy) (1.165)

(Thanks to R.Loos for pointing out an error in the proof.)

64" Table of Formulas" <http://cnx.org/content/m11450/latest />
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1.6.2.4 Summary

NOTE: X, (e77) = 73000 X (Z (Q + 2#))

o sin( 2= (t—nTs)
NOTE: z(t)=> 7" _ xs(n) %

1.6.2.5

Go to Introduction (Section 1.6.1); Illustrations (Section 1.6.3); Matlab Example®®; Hold operation®®; Alias-
ing applet”; System view (Section 1.6.4); Exercises® ?

1.6.3 Illustrations®

In this module we illustrate the processes involved in sampling and reconstruction. To see how all these
processes work together as a whole, take a look at the system view (Section 1.6.4). In Sampling and
reconstruction with Matlab™ we provide a Matlab script for download. The matlab script shows the process
of sampling and reconstruction live.

1.6.3.1 Basic examples

Example 1.20
To sample an analog signal with 3000 Hz as the highest frequency component requires sampling
at 6000 Hz or above.

Example 1.21

The sampling theorem can also be applied in two dimensions, i.e. for image analysis. A 2D
sampling theorem has a simple physical interpretation in image analysis: Choose the sampling
interval such that it is less than or equal to half of the smallest interesting detail in the image.

1.6.3.2 The process of sampling

We start off with an analog signal. This can for example be the sound coming from your stereo at home or
your friend talking.

The signal is then sampled uniformly. Uniform sampling implies that we sample every T seconds. In
Figure 1.72 we see an analog signal. The analog signal has been sampled at times t = nTj.

65"Sampling and reconstruction with Matlab" <http://cnx.org/content/m11549/latest/>
66T old operation" <http://cnx.org/content/m11458 /latest/>

671 Aliasing Applet" <http://cnx.org/content/m11448 /latest,/>

681 Exercises" <http://cnx.org/content/m11442/latest/ >

69This content is available online at <http://cnx.org/content/m11443/1.33/>.
70rSampling and reconstruction with Matlab" <http://cnx.org/content/m11549/latest/>
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1.5 ! !

t

Figure 1.72: Analog signal, samples are marked with dots.

In signal processing it is often more convenient and easier to work in the frequency domain. So let’s look
at at the signal in frequency domain, Figure 1.73. For illustration purposes we take the frequency content
of the signal as a triangle. (If you Fourier transform the signal in Figure 1.72 you will not get such a nice
triangle.)

€1, 2

Figure 1.73: The spectrum X (i€2).

Notice that the signal in Figure 1.73 is bandlimited. We can see that the signal is bandlimited because

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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X (i) is zero outside the interval [—,,§,]. Equivalentely we can state that the signal has no angular
frequencies above ), corresponding to no frequencies above F; = g—;

Now let’s take a look at the sampled signal in the frequency domain. While proving (Section 1.6.2) the
sampling theorem we found the the spectrum of the sampled signal consists of a sum of shifted versions of
the analog spectrum. Mathematically this is described by the following equation:

X, (€977) = ik_ioo X <z <Q + 2;“)) (1.166)

1.6.3.2.1 Sampling fast enough

In Figure 1.74 we show the result of sampling x (¢) according to the sampling theorem (Section 1.6.1.4: The
Sampling Theorem). This means that when sampling the signal in Figure 1.72/Figure 1.73 we use F, > 2F}.
Observe in Figure 1.74 that we have the same spectrum as in Figure 1.73 for Q € [, Q,], except for the
scaling factor T% This is a consequence of the sampling frequency. As mentioned in the proof (Key points

in the proof, p. 87) the spectrum of the sampled signal is periodic with period 27 Fs = 2T—”

|y
w Y

Figure 1.74: The spectrum X,. Sampling frequency is OK.

So now we are, according to the sample theorem (Section 1.6.1.4: The Sampling Theorem), able to recon-
struct the original signal exactly. How we can do this will be explored further down under reconstruction
(Section 1.6.3.3: Reconstruction). But first we will take a look at what happens when we sample too slowly.

1.6.3.2.2 Sampling too slowly

If we sample z (t) too slowly, that is Fy, < 2F,, we will get overlap between the repeated spectra, see
Figure 1.75. According to (1.166) the resulting spectra is the sum of these. This overlap gives rise to the
concept of aliasing.

NOTE: If the sampling frequency is less than twice the highest frequency component, then frequen-
cies in the original signal that are above half the sampling rate will be "aliased" and will appear in
the resulting signal as lower frequencies.

The consequence of aliasing is that we cannot recover the original signal, so aliasing has to be avoided.
Sampling too slowly will produce a sequence x4 (n) that could have orginated from a number of signals.
So there is no chance of recovering the original signal. To learn more about aliasing, take a look at this
module™. (Includes an applet for demonstration!)

71 Aliasing Applet" <http://cnx.org/content/m11448/latest/>
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| e : i t Ll
2m Ar Q
Ts Ts

Figure 1.75: The spectrum X,. Sampling frequency is too low.

To avoid aliasing we have to sample fast enough. But if we can’t sample fast enough (possibly due to
costs) we can include an Anti-Aliasing filter. This will not able us to get an exact reconstruction but can
still be a good solution.

NOTE: Typically a low-pass filter that is applied before sampling to ensure that no components
with frequencies greater than half the sample frequency remain.

Example 1.22
The stagecoach effect

In older western movies you can observe aliasing on a stagecoach when it starts to roll. At first
the spokes appear to turn forward, but as the stagecoach increase its speed the spokes appear to
turn backward. This comes from the fact that the sampling rate, here the number of frames per
second, is too low. We can view each frame as a sample of an image that is changing continuously
in time. (Applet illustrating the stagecoach effect™ )

1.6.3.3 Reconstruction

Given the signal in Figure 1.74 we want to recover the original signal, but the question is how?

When there is no overlapping in the spectrum, the spectral component given by k& = 0 (see (1.166)),is
equal to the spectrum of the analog signal. This offers an oppurtunity to use a simple reconstruction process.
Remember what you have learned about filtering. What we want is to change signal in Figure 1.74 into
that of Figure 1.73. To achieve this we have to remove all the extra components generated in the sampling
process. To remove the extra components we apply an ideal analog low-pass filter as shown in Figure 1.76
As we see the ideal filter is rectangular in the frequency domain. A rectangle in the frequency domain
corresponds to a sinc™ function in time domain (and vice versa).

"2http:/ /flowers.ofthenight.org/wagonWheel /wagonWheel.html
g g g g
"3http:/ /ccrma-www.stanford.edu/~jos/Interpolation /sinc_function.html
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. o)

T

a3
SR+
-

Figure 1.76: H (iQ2) The ideal reconstruction filter.

Then we have reconstructed the original spectrum, and as we know if two signals are identical in
the frequency domain, they are also identical in the time domain. End of reconstruction.

1.6.3.4 Conclusions

The Shannon sampling theorem requires that the input signal prior to sampling is band-limited to at most
half the sampling frequency. Under this condition the samples give an exact signal representation. It is truly
remarkable that such a broad and useful class signals can be represented that easily!

We also looked into the problem of reconstructing the signals form its samples. Again the simplicity of
the principle is striking: linear filtering by an ideal low-pass filter will do the job. However, the ideal filter
is impossible to create, but that is another story...

1.6.3.5

Go to? Introduction (Section 1.6.1); Proof (Section 1.6.2); Illustrations (Section 1.6.3); Matlab Example™;
Aliasing applet”; Hold operation”®; System view (Section 1.6.4); Exercises””

1.6.4 Systems view of sampling and reconstruction™
1.6.4.1 Ideal reconstruction system

Figure 1.77 shows the ideal reconstruction system based on the results of the Sampling theorem proof
(Section 1.6.2).
Figure 1.77 consists of a sampling device which produces a time-discrete sequence x5 (n). The recon-

struction filter, h (t), is an ideal analog sinc™ filter, with h (t) = sinc (Ti) We can’t apply the time-discrete
sequence x5 (n) directly to the analog filter A (¢). To solve this problem we turn the sequence into an analog
signal using delta functions®. Thus we write x5 (t) = > 72 x4 (n)é (t — nT).

n=—oo

74"Sampling and reconstruction with Matlab" <http://cnx.org/content/m11549/latest/>
751 Aliasing Applet" <http://cnx.org/content/m11448/latest/>

76"Hold operation" <http://cnx.org/content/m11458 /latest,/>

7T"Exercises" <http://cnx.org/content/m11442/latest/ >

78This content is available online at <http://cnx.org/content/m11465,1.20/>.
"http://ccrma-www.stanford.edu/~jos/Interpolation/sinc_function.html

801 Table of Formulas" <http://cnx.org/content,/m11450/latest />
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z(t) x5(n) z4(t)

—+  Sampling J———-+ D/A _

(1)

Figure 1.77: Ideal reconstruction system

But when will the system produce an output Z (¢t) = x (¢)? According to the sampling theorem (Sec-
tion 1.6.1.4: The Sampling Theorem) we have Z (¢t) = x (t) when the sampling frequency, Fy, is at least twice
the highest frequency component of z (t).

1.6.4.2 Ideal system including anti-aliasing

To be sure that the reconstructed signal is free of aliasing it is customary to apply a lowpass filter, an
anti-aliasing filter (p. 93), before sampling as shown in Figure 1.78.

s(i) 2(t) z5(1) To(i)
hg(t) Sampling D/A

Figure 1.78: Ideal reconstruction system with anti-aliasing filter (p. 93)

Again we ask the question of when the system will produce an output Z (t) = s (¢)? If the signal is entirely
confined within the passband of the lowpass filter we will get perfect reconstruction if F; is high enough.

But if the anti-aliasing filter removes the "higher" frequencies, (which in fact is the job of the anti-aliasing
filter), we will never be able to exactly reconstruct the original signal, s (¢). If we sample fast enough we
can reconstruct z (¢), which in most cases is satisfying.

The reconstructed signal, Z (¢), will not have aliased frequencies. This is essential for further use of the
signal.

1.6.4.3 Reconstruction with hold operation

To make our reconstruction system realizable there are many things to look into. Among them are the fact
that any practical reconstruction system must input finite length pulses into the reconstruction filter. This
can be accomplished by the hold operation®'. To alleviate the distortion caused by the hold opeator we
apply the output from the hold device to a compensator. The compensation can be as accurate as we wish,
this is cost and application consideration.

81" old operation" <http://cnx.org/content/m11458 /latest/ >
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z(t) zs(n) i(E)
— Sampling

Hald — Compensate fl—- flt) _

Figure 1.79: More practical reconstruction system with a hold component®?

By the use of the hold component the reconstruction will not be exact, but as mentioned above we can
get as close as we want.
1.6.4.4
Introduction (Section 1.6.1); Proof (Section 1.6.2); Illustrations (Section 1.6.3); Matlab example®®; Hold
operation®*; Aliasing applet®®; Exercises®®
1.6.5 Sampling CT Signals: A Frequency Domain Perspective™
1.6.5.1 Understanding Sampling in the Frequency Domain
We want to relate z. (¢) directly to « [n]. Compute the CTFT of

zs (1) = Z ze (nT) 6 (t —nT)
Xs(Q) = ffooo Zzozfoo T, (nT) ) (t _ nT) (=9 gy
= Ezozfoo Le (nT) ffooo é (t — nT) e(—) gy
= Lz olnl e (1.167)
= S x[n]el-den
= X(w)
where w = QT and X (w) is the DTFT of z [n].
NOTE:
1 (oo}
s () Tk;m o (= kQy)
X(w) = FX00  Xe(Q—kQ)

| oo . (1.168)
= B e oo Xe (UFTE)

where this last part is 27-periodic.

821 Hold operation" <http://cnx.org/content/m11458/latest/>

8313ampling and reconstruction with Matlab" <http://cnx.org/content/m11549/latest/>
841'Hold operation" <http://cnx.org/content/m11458/latest/>

851 Aliasing Applet" <http://cnx.org/content/m11448/latest/>

86" Exercises" <http://cnx.org/content/m11442/latest/ >

87This content is available online at <http://cnx.org/content/m10994/2.2/>.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



97
1.6.5.1.1 Sampling
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CT FT i
sl e —— /\ N
e ¢ -® PR
Al+) £ %0
CTFT (.E_
= ' I I
N - 2 - %—)
N % e - 29y By &
x[w) XE”} - # i -"-"*'}

TR ¢ 1 O el W s

~L% -

m’-"?:r‘j -.H.1=I'_I'

Figure 1.80

Example 1.23: Speech

Speech is intelligible if bandlimited by a CT lowpass filter to the band +4 kHz. We can sample
speech as slowly as

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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Figure 1.82: Note that there is no mention of T or Q!

1.6.5.2 Relating x[n] to sampled x(t)

Recall the following equality:

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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Recall the CTFT relation: ) q
t —X | — 1.169
slat) o X (3 (1169

where « is a scaling of time and é is a scaling in frequency.

X, (Q) = X (QT) (1.170)

1.7 Time Domain Analysis of Discrete Time Systems

1.7.1 Discrete-Time Systems in the Time-Domain®

A discrete-time signal s (n) is delayed by ny samples when we write s (n — ng), with ng > 0. Choosing ng
to be negative advances the signal along the integers. As opposed to analog delays®®, discrete-time delays
can only be integer valued. In the frequency domain, delaying a signal corresponds to a linear phase shift
of the signal’s discrete-time Fourier transform: s (n — ng) +» e~ (127/m0) G (7).

Linear discrete-time systems have the superposition property.

S (@11 (n) + agzs (n)) = a1.5 (1 (n)) + a2S (22 (n)) (1.171)

88This content is available online at <http://cnx.org/content/m10251/2.25/>.
8913imple Systems": Section Delay <http://cnx.org/content/m0006 /latest/#delay >

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



100 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS
A discrete-time system is called shift-invariant (analogous to time-invariant analog systems®) if delaying
the input delays the corresponding output. If S (x (n)) = y (n), then a shift-invariant system has the property

Sz (n—mno)) =y (n—mno) (1.172)

We use the term shift-invariant to emphasize that delays can only have integer values in discrete-time, while
in analog signals, delays can be arbitrarily valued.

We want to concentrate on systems that are both linear and shift-invariant. It will be these that allow us
the full power of frequency-domain analysis and implementations. Because we have no physical constraints
in "constructing" such systems, we need only a mathematical specification. In analog systems, the differ-
ential equation specifies the input-output relationship in the time-domain. The corresponding discrete-time
specification is the difference equation.

y(n) =ary(n—1)+---+apy(n—p) +box (n) + brx(n —1) + -+ bz (n —q) (1.173)

Here, the output signal y (n) is related to its past values y(n —1), I = {1,...,p}, and to the current and
past values of the input signal z (n). The system’s characteristics are determined by the choices for the
number of coefficients p and ¢ and the coefficients’ values {a1,...,a,} and {bo,b1,...,bq}.

ASIDE: There is an asymmetry in the coefficients: where is ag? This coefficient would multiply the
y (n) term in (1.173). We have essentially divided the equation by it, which does not change the
input-output relationship. We have thus created the convention that ag is always one.

As opposed to differential equations, which only provide an implicit description of a system (we must
somehow solve the differential equation), difference equations provide an explicit way of computing the
output for any input. We simply express the difference equation by a program that calculates each output
from the previous output values, and the current and previous inputs.

Difference equations are usually expressed in software with for loops. A MATLAB program that would
compute the first 1000 values of the output has the form

for n=1:1000
y(@) = sum(a.*y(n-1:-1:n-p)) + sum(b.*x(n:-1:n-q));
end

An important detail emerges when we consider making this program work; in fact, as written it has (at least)
two bugs. What input and output values enter into the computation of y(1)? We need values for y (0),
y(—1), ..., values we have not yet computed. To compute them, we would need more previous values of the
output, which we have not yet computed. To compute these values, we would need even earlier values, ad
infinitum. The way out of this predicament is to specify the system’s initial conditions: we must provide
the p output values that occurred before the input started. These values can be arbitrary, but the choice
does impact how the system responds to a given input. One choice gives rise to a linear system: Make the
initial conditions zero. The reason lies in the definition of a linear system®': The only way that the output
to a sum of signals can be the sum of the individual outputs occurs when the initial conditions in each case
are zero.

Exercise 1.7.1.1 (Solution on p. 141.)
The initial condition issue resolves making sense of the difference equation for inputs that start at

some index. However, the program will not work because of a programming, not conceptual, error.
What is it? How can it be "fixed?"

901Simple Systems" <http://cnx.org/content/m0006 /latest/#paradwra >
91nGimple Systems": Section Linear Systems <http://cnx.org/content/m0006/latest /#linearsys>
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Example 1.24
Let’s consider the simple system having p =1 and ¢ = 0.

y(n)=ay(n—1)+bz(n) (1.174)

To compute the output at some index, this difference equation says we need to know what the
previous output y (n — 1) and what the input signal is at that moment of time. In more detail, let’s
compute this system’s output to a unit-sample input: x (n) = 6 (n). Because the input is zero for
negative indices, we start by trying to compute the output at n = 0.

y(0) =ay(=1)+b (1.175)

What is the value of y (—1)7 Because we have used an input that is zero for all negative indices, it

is reasonable to assume that the output is also zero. Certainly, the difference equation would not
describe a linear system®? if the input that is zero for all time did not produce a zero output. With
this assumption, y (—1) = 0, leaving y (0) = b. For n > 0, the input unit-sample is zero, which
leaves us with the difference equation ¥n,n > 0 : (y(n) = ay(n —1)). We can envision how the
filter responds to this input by making a table.

y(n) =ay(n—1)+bé(n) (1.176)

n em) [ym)
-11]0 0
0 1
1 0 ba
2 0 ba?

0
n 0 ba™

Table 1.4

Coeflicient values determine how the output behaves. The parameter b can be any value, and
serves as a gain. The effect of the parameter a is more complicated (Table 1.4). If it equals zero,
the output simply equals the input times the gain b. For all non-zero values of a, the output
lasts forever; such systems are said to be IIR (Infinite Impulse Response). The reason for this
terminology is that the unit sample also known as the impulse (especially in analog situations), and
the system’s response to the "impulse" lasts forever. If a is positive and less than one, the output
is a decaying exponential. When a = 1, the output is a unit step. If a is negative and greater
than —1, the output oscillates while decaying exponentially. When a = —1, the output changes
sign forever, alternating between b and —b. More dramatic effects when |a| > 1; whether positive
or negative, the output signal becomes larger and larger, growing exponentially.

921Simple Systems": Section Linear Systems <http://cnx.org/content/m0006/latest /#linearsys>
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A x(n)
O]

V%

S Cnaif .

Figure 1.84: The input to the simple example system, a unit sample, is shown at the top, with the
outputs for several system parameter values shown below.

Positive values of a are used in population models to describe how population size increases
over time. Here, n might correspond to generation. The difference equation says that the number
in the next generation is some multiple of the previous one. If this multiple is less than one, the
population becomes extinct; if greater than one, the population flourishes. The same difference
equation also describes the effect of compound interest on deposits. Here, n indexes the times at
which compounding occurs (daily, monthly, etc.), a equals the compound interest rate plus one,
and b =1 (the bank provides no gain). In signal processing applications, we typically require that
the output remain bounded for any input. For our example, that means that we restrict |a| < 1
and choose values for it and the gain according to the application.

Exercise 1.7.1.2 (Solution on p. 141.)
Note that the difference equation (1.173),

y(n) =awy(n—1)+---+apy(n—p)+box (n) +brx (n—1) + -+ bgz (n — q)

does not involve terms like y (n 4+ 1) or z (n + 1) on the equation’s right side. Can such terms also
be included? Why or why not?

o—1 o—Oo N

Figure 1.85: The plot shows the unit-sample response of a length-5 boxcar filter.
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Example 1.25
A somewhat different system has no "a" coefficients. Consider the difference equation

yn)==-(zn)+---+x(n—q+1)) (1.177)

SN

Because this system’s output depends only on current and previous input values, we need not
be concerned with initial conditions. When the input is a unit-sample, the output equals % for
n ={0,...,q — 1}, then equals zero thereafter. Such systems are said to be FIR (Finite Impulse
Response) because their unit sample responses have finite duration. Plotting this response (Fig-
ure 1.85) shows that the unit-sample response is a pulse of width ¢ and height %. This waveform
is also known as a boxcar, hence the name boxcar filter given to this system. We’ll derive its
frequency response and develop its filtering interpretation in the next section. For now, note that
the difference equation says that each output value equals the average of the input’s current and
previous values. Thus, the output equals the running average of input’s previous ¢ values. Such a
system could be used to produce the average weekly temperature (¢ = 7) that could be updated
daily.

[MEDIA OBJECT]??

1.7.2 Discrete Time Convolution®
1.7.2.1 Introduction

Convolution, one of the most important concepts in electrical engineering, can be used to determine the
output a system produces for a given input signal. It can be shown that a linear time invariant system is
completely characterized by its impulse response. The sifting property of the discrete time impulse function
tells us that the input signal to a system can be represented as a sum of scaled and shifted unit impulses.
Thus, by linearity, it would seem reasonable to compute of the output signal as the sum of scaled and shifted
unit impulse responses. That is exactly what the operation of convolution accomplishes. Hence, convolution
can be used to determine a linear time invariant system’s output from knowledge of the input and the impulse
response.

1.7.2.2 Convolution and Circular Convolution
1.7.2.2.1 Convolution

1.7.2.2.1.1 Operation Definition

Discrete time convolution is an operation on two discrete time signals defined by the integral

(fxg)lnl= Y flklgln—H] (1.178)

k=—o0

for all signals f, g defined on Z. It is important to note that the operation of convolution is commutative,
meaning that

fxg=gxf (1.179)

93This media object is a LabVIEW VI. Please view or download it at
<DiscreteTimeSys.llb>
94This content is available online at <http://cnx.org/content/m10087/2.30/>.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



104 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

for all signals f, g defined on Z. Thus, the convolution operation could have been just as easily stated using
the equivalent definition

(f*9)n Z fln—klglkl (1.180)

k=—o0

for all signals f,g defined on Z. Convolution has several other important properties not listed here but
explained and derived in a later module.

1.7.2.2.1.2 Definition Motivation

The above operation definition has been chosen to be particularly useful in the study of linear time invariant
systems. In order to see this, consider a linear time invariant system H with unit impulse response h. Given
a system input signal z we would like to compute the system output signal H (x). First, we note that the
input can be expressed as the convolution

x[n] = Z x[k]0[n— K] (1.181)

k=—o00
by the sifting property of the unit impulse function. By linearity

H(z[n]) = Z x[k]H (§[n—k]). (1.182)

k=—oc0
Since H (6 [n — k]) is the shifted unit impulse response h [n — k], this gives the result

H(zn])= Y wklhln—k = (xxh)n]. (1.183)

k=—o0

Hence, convolution has been defined such that the output of a linear time invariant system is given by the
convolution of the system input with the system unit impulse response.

1.7.2.2.1.3 Graphical Intuition

It is often helpful to be able to visualize the computation of a convolution in terms of graphical processes.
Consider the convolution of two functions f, g given by

(f*g)[n Z flRlgln—kl = > fln—kglkl. (1.184)

k=—oc0 k=—oc0

The first step in graphically understanding the operation of convolution is to plot each of the functions.
Next, one of the functions must be selected, and its plot reflected across the k = 0 axis. For each real n, that
same function must be shifted left by n. The point-wise product of the two resulting plots is then computed,
and then all of the values are summed.

Example 1.26
Recall that the impulse response for a discrete time echoing feedback system with gain a is

hn] =a"u[n], (1.185)

and consider the response to an input signal that is another exponential

x[n] =b"un]. (1.186)

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



105

We know that the output for this input is given by the convolution of the impulse response with
the input signal

y|n] =z [n]*xhn]. (1.187)

We would like to compute this operation by beginning in a way that minimizes the algebraic
complexity of the expression. However, in this case, each possible choice is equally simple. Thus,
we would like to compute

y[n] = Z aFu (k] 0" Fun — k] (1.188)

k=—o0

The step functions can be used to further simplify this sum. Therefore,

y[n]=0 (1.189)
for n < 0 and

yn] = [ab]® (1.190)

k=0
for n > 0. Hence, provided ab # 1, we have that

] = { 0 n <0
y n|= 1_(ab)n+1 .
=@y~ =0

(1.191)

1.7.2.2.2 Circular Convolution

Discrete time circular convolution is an operation on two finite length or periodic discrete time signals defined
by the sum

Gogml=3 FIH gl (1.102)

~

for all signals f, g defined on Z [0, N — 1] where f, g are periodic extensions of f and g. It is important to
note that the operation of circular convolution is commutative, meaning that

f@g=g®f (1.193)

for all signals f, g defined on Z [0, N — 1]. Thus, the circular convolution operation could have been just as
easily stated using the equivalent definition

N-1 ~ -
(f®g)ln] =Y fln—k 9K (1.194)
k=0

~ A

for all signals f, g defined on Z [0, N — 1] where f, g are periodic extensions of f and g. Circular convolution
has several other important properties not listed here but explained and derived in a later module.
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106 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

Alternatively, discrete time circular convolution can be expressed as the sum of two summations given
by

(f®g)[n Zf + Y flklgln—k+N] (1.195)

for all signals f, g defined on Z [0, N — 1].

Meaningful examples of computing discrete time circular convolutions in the time domain would involve
complicated algebraic manipulations dealing with the wrap around behavior, which would ultimately be
more confusing than helpful. Thus, none will be provided in this section. Of course, example computations
in the time domain are easy to program and demonstrate. However, disrete time circular convolutions are
more easily computed using frequency domain tools as will be shown in the discrete time Fourier series
section.

1.7.2.2.2.1 Definition Motivation

The above operation definition has been chosen to be particularly useful in the study of linear time invariant
systems. In order to see this, consider a linear time invariant system H with unit impulse response h. Given
a periodic system input signal  we would like to compute the system output signal H (x). First, we note
that the input can be expressed as the circular convolution

N-1_.
(n] =Y @ [k] § [n— K] (1.196)
=0
by the sifting property of the unit impulse function. By linearity,
N—-1 . -~
H(zn)=Y_ = [kH (5 n— k]) . (1.197)
k=0

Since H (6 [n — k]) is the shifted unit impulse response h [n — k], this gives the result

N—1 . ~
n)=> a[klhn—k=(@®h)pn. (1.198)
=0

Hence, circular convolution has been defined such that the output of a linear time invariant system is given
by the convolution of the system input with the system unit impulse response.
1.7.2.2.2.2 Graphical Intuition

It is often helpful to be able to visualize the computation of a circular convolution in terms of graphical
processes. Consider the circular convolution of two finite length functions f, g given by

N-1 ~ ~ N-1 ~ ~
(f®g)l Zf Zf g [k]. (1.199)
=0

The first step in graphically understanding the operation of convolution is to plot each of the periodic
extensions of the functions. Next, one of the functions must be selected, and its plot reflected across the
k = 0 axis. For each n € Z[0, N — 1], that same function must be shifted left by n. The point-wise product
of the two resulting plots is then computed, and finally all of these values are summed.
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1.7.2.3 Interactive Element

Discrete Convolution
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Figure 1.86: Interact (when online) with the Mathematica CDF demonstrating Discrete Linear Con-
volution. To downladlabighticiiek amd savexfibesashtdf //cnx.org/content/col10631/1.3>




108 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

1.7.2.4 Convolution Summary

Convolution, one of the most important concepts in electrical engineering, can be used to determine the
output signal of a linear time invariant system for a given input signal with knowledge of the system’s unit
impulse response. The operation of discrete time convolution is defined such that it performs this function
for infinite length discrete time signals and systems. The operation of discrete time circular convolution is
defined such that it performs this function for finite length and periodic discrete time signals. In each case,
the output of the system is the convolution or circular convolution of the input signal with the unit impulse
response.

1.7.3 Discrete Time Circular Convolution and the DTFS™
1.7.3.1 Introduction

This module relates circular convolution of periodic signals in one domain to multiplication in the other
domain.

You should be familiar with Discrete-Time Convolution (Section 1.7.2), which tells us that given two
discrete-time signals x [n], the system’s input, and h [n], the system’s response, we define the output of the
system as

yln] = wn]=hin]

= Yhe—oo T[] R0 — K]

When we are given two DFTs (finite-length sequences usually of length N), we cannot just multiply them
together as we do in the above convolution formula, often referred to as linear convolution. Because the
DFTs are periodic, they have nonzero values for n > N and thus the multiplication of these two DFTs will be
nonzero for n > N. We need to define a new type of convolution operation that will result in our convolved
signal being zero outside of the range n = {0,1,..., N — 1}. This idea led to the development of circular
convolution, also called cyclic or periodic convolution.

(1.200)

1.7.3.2 Signal Circular Convolution

Given a signal f [n] with Fourier coefficients ¢, and a signal g [n] with Fourier coefficients dj, we can define
a new signal, v [n], where v [n] = f[n] ® g[n] We find that the Fourier Series?® representation of v [n], a,
is such that ap = cpdg. f[n] ® g[n] is the circular convolution (Section 1.7.3) of two periodic signals and is
equivalent to the convolution over one interval, i.e. f[n]® g[n|= ij:o Zi;vzo fnlgln-—n.

NOTE:  Circular convolution in the time domain is equivalent to multiplication of the Fourier
coefficients.

This is proved as follows
ar = § Xa_gvln]eCeokn
= a7 Zg:o nyvzo fnlg[n—n)e(wiokn)
= ENof i (F SN gl — ek
= Wwr=n-n: (% Zr];v:o f ] (% Z,],V:_jn glv] e—(ij(u+n))))
= ¥ Xl /] (% o gl e*@'wokv)) o~ (Gwokn)
= v Zi;\;o f [n] dye=Gwokm)
= dy (% Zvjyvzo fnl e_(jwok"))

= cpdy

(1.201)

95This content is available online at <http://cnx.org/content/m10786/2.16/>.
96" Fourier Series: Eigenfunction Approach" <http://cnx.org/content/m10496/latest/>
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1.7.3.2.1 Circular Convolution Formula

What happens when we multiply two DFT’s together, where Y [k] is the DFT of y [n]?

Y [k] = F k] H [k] (1.202)
when 0 < k<N -1
Using the DFT synthesis formula for y [n]
| N2
ylnl =+ > Pk H [k] el =k (1.203)
k=0

And then applying the analysis formula F' [k] = Zz;é fm] e(=3) FFkn

yln] = L0 Sy f [m] DRI [] €1 5 k0

= Yoo flm] (% N H (K] ej%rk(n—m)) (1.204)

where we can reduce the second summation found in the above equation into h[((n—m))y] =
+ kN;Ol H [k] el Fkn=m) 4 [p] = Zz;é fIm]h[((n —m)),] which equals circular convolution! When we
have 0 <n < N — 1 in the above, then we get:

y[n] = f[n] ® hn] (1.205)

NOTE: The notation ® represents cyclic convolution "mod N".

1.7.3.2.1.1 Alternative Convolution Formula

Alternative Circular Convolution Algorithm

e Step 1: Calculate the DFT of f [n] which yields F [k] and calculate the DFT of h [n] which yields H [k].
e Step 2: Pointwise multiply Y [k] = F'[k] H [k]
e Step 3: Inverse DFT Y [k] which yields y [n]

Seems like a roundabout way of doing things, but it turns out that there are extremely fast ways to
calculate the DFT of a sequence.

To circularily convolve 2 N-point sequences: y [n] = Zivn;é f[m]h[((n —m))y] For each n : N multiples,
N — 1 additions

N points implies N2 multiplications, N (N — 1) additions implies O (N?) complexity.

1.7.3.2.2 Steps for Circular Convolution

We can picture periodic®” sequences as having discrete points on a circle as the domain

97"Continuous Time Periodic Signals" <http://cnx.org/content/m10744/latest/>
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f[n]

f12] 2] ]
1] read off
r” '”“"' 1” /ﬂm]@ﬂ% Tgl‘c‘?
e ® ® ;
T

114]

Figure 1.87

Shifting by m, f (n + m), corresponds to rotating the cylinder m notches ACW (counter clockwise). For

m = —2, we get a shift equal to that in the following illustration:
fn-2] 0] 5]
! I /_i fl1] 4]
L
¢
f2] f[3]

vector [ f4] £[5] f[O] f[1] f12] 3] ]

Figure 1.88: for m = —2

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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TII F_I/—A !LI

f[n] notation for -—/ f((n-1 ))N] Y
circular shift .
indices are
calculated
"mod N"

Figure 1.89

To cyclic shift we follow these steps:
1) Write f (n) on a cylinder, ACW

f12]

0] 4—— n=0

fl6]

Figure 1.90: N =38

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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2) To cyclic shift by m, spin cylinder m spots ACW

flnl = Fl((n+m))y]

(7]

fl1]

Figure 1.91: m = -3

1.7.3.2.2.1 Notes on circular shifting

fl((n+ N))y| = fIn] Spinning N spots is the same as spinning all the way around, or not spinning at all.
flln+N))xl= fl((n— (N —m))),] Shifting ACW m is equivalent to shifting CW N —m

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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I

MN-m

Figure 1.92

f1((—=n)) 5] The above expression, simply writes the values of f [n] clockwise.

2] f6]
f3] f1] f[5] f[7]

fl4] fl0] ¢—— n=0 fl4] f10] 4— n=0

f[5] f[7] HR]| f[1]
f16] f12]

(2) (b)

Figure 1.93: (a) f[n] (b) f [((_”))N]

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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Example 1.27: Convolve (n = 4)

h[((-m)),]
1
n
Figure 1.95
Multiply f [m] and sum to yield: y[0] =3
o A[(L(=(m()On]
h[((1-m)),]
1
n

Figure 1.96

Multiply f [m] and sum to yield: y[1] =5

o A[((2(=(m()Ox]

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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h[((2-m)),]
1

..

Figure 1.97

Multiply f [m] and sum to yield: y[2] = 3

o R[(B(=(m()(n]

h[((3-m))y]

Figure 1.98

Multiply f [m] and sum to yield: y[3] =1

1.7.3.2.3 Exercise

Take a look at a square pulse with a period of T.

+ if k=0
For this signal ¢ = L sin(5k)

otherwise

N

Tk

Take a look at a triangle p1121se train with a period of T.

This signal is created by cil;cularly convolving the square pulse with itself. The Fourier coefficients for
1 sin

1(3%)

Exercise 1.7.3.1 (Solution on p. 141.)
Find the Fourier coefficients of the signal that is created when the square pulse and the triangle
pulse are convolved.

this signal are a = c;2 =

1.7.3.3 Circular Shifts and the DFT

Theorem 1.2: Circular Shifts and DFT .
If fn] PEN R (k] then f[((n—m))y] DET o~ (i%km) p [k] (i.e. circular shift in time domain =

phase shift in DFT)

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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Proof:
L Nl
;27
fil = > Flk]e (1.206)
k=0
so phase shifting the DFT
Flnl = & L5 F ke (Frn)eishn
= LSV Pk e FRemm) (1.207)
= [l(n=m))y]

1.7.3.4 Circular Convolution Demonstration

Circular Convolution

H Rotation ng |0

H={-1,-1,-1,-1,1,1,1, 1} 7
> hlng—nlxin]

Signal Plot
Amp r=0
X={1,1,1,1,-1,-1,-1,-1} Amp
L0 . - L] . 10
0.3 5
H [ho:: sguare | sine exonnential]
n
2 3 4 5 ] 7
% [box sguare | sine exponential | 05 T 2 3 4 35 6 1 o
-5
-10 . @ *
-0
Circular Shifts:

h[n]

Figure 1.99: Interact (when online) with a Mathematica CDF demonstrating Circular Shifts.

1.7.3.5 Conclusion
Circular convolution in the time domain is equivalent to multiplication of the Fourier coefficients in the

frequency domain.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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1.8 Discrete Time Fourier Transform (DTFT)

1.8.1 Discrete Time Fourier Transform (DTFT)”
1.8.1.1 Introduction

In this module, we will derive an expansion for arbitrary discrete-time functions, and in doing so, derive the
Discrete Time Fourier Transform (DTFT).
Since complex exponentials (Section 1.1.5) are eigenfunctions of linear time-invariant (LTI) systems®?,
calculatigg the output of an LTI system H given e™” as an input amounts to simple multiplication, where
27

wo = %~ , and where H [k] € C is the eigenvalue corresponding to k. As shown in the figure, a simple

exponential input would yield the output

y[n] = H [k] ™™ (1.208)

gon =l H  f— H[k]e}"

Figure 1.100: Simple LTT system.

Using this and the fact that # is linear, calculating y [n] for combinations of complex exponentials is
also straightforward.

1™ 4 o™ s o H [k1] e 4 o H [k2] glwrn

chei“”” — ZCIH [k1] ehrm
I !

The action of H on an input such as those in the two equations above is easy to explain. H inde-
pendently scales each exponential component e?'" by a different complex number H [k;] € C. As such, if
we can write a function y [n] as a combination of complex exponentials it allows us to easily calculate the
output of a system.

Now, we will look to use the power of complex exponentials to see how we may represent arbitrary signals
in terms of a set of simpler functions by superposition of a number of complex exponentials. Below we will
present the Discrete-Time Fourier Transform (DTFT). Because the DTFT deals with nonperiodic
signals, we must find a way to include all real frequencies in the general equations. For the DTFT we simply
utilize summation over all real numbers rather than summation over integers in order to express the aperiodic
signals.

98This content is available online at <http://cnx.org/content/m10108/2.18/>.
99" Eigenfunctions of LTT Systems" <http://cnx.org/content,/m10500/latest/>
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1.8.1.2 DTFT synthesis

It can be demonstrated that an arbitrary Discrete Time-periodic function f [n] can be written as a linear
combination of harmonic complex sinusoids

N-1
fln] =" cre™orn (1.209)
k=0

where wg = QW” is the fundamental frequency. For almost all f[n] of practical interest, there exists ¢, to

make (1.209) true. If f[n] is finite energy ( f [n] € L?[0, N]), then the equality in (1.209) holds in the sense
of energy convergence; with discrete-time signals, there are no concerns for divergence as there are with
continuous-time signals.

The ¢, - called the Fourier coefficients - tell us "how much" of the sinusoid e/“°¥" is in f [n]. The formula
shows f [n] as a sum of complex exponentials, each of which is easily processed by an LTI system (since it
is an eigenfunction of every LTI system). Mathematically, it tells us that the set of complex exponentials
{Vk, keZ: (ejw(’k”)} form a basis for the space of N-periodic discrete time functions.

1.8.1.2.1 Equations

Now, in order to take this useful tool and apply it to arbitrary non-periodic signals, we will have to delve
deeper into the use of the superposition principle. Let s (¢) be a periodic signal having period 7. We want
to consider what happens to this signal’s spectrum as the period goes to infinity. We denote the spectrum
for any assumed value of the period by ¢, (T'). We calculate the spectrum according to the Fourier formula
for a periodic signal, known as the Fourier Series (for more on this derivation, see the section on Fourier
Series.)

T
Cn = l/ s (t) exp (—Bwot) dt (1.210)
T Jo

where wy = 27“ and where we have used a symmetric placement of the integration interval about the origin
for subsequent derivational convenience. We vary the frequency index n proportionally as we increase the

period. Define

1 T
St (f)=Tec, = T/ (St (f) exp (Bwot) dt(1.211)
0
making the corresponding Fourier Series
- 1
s (t) = 2 f (t) exp (Buot) (1.212)

As the period increases, the spectral lines become closer together, becoming a continuum. Therefore,

oo

lim sy (t) =s(t) = /S (f) exp (Bwot) df (1.213)
T— o0
with -
S(f)= /s (t) exp (—Bwot) dt (1.214)
Discrete-Time Fourier Transform
Fw)= Y flnJe tem (1.215)

Available for free at Connexions <http://cnx.org/content/col10631/1.3>
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Inverse DTFT ) -
fln]l= o F (w) e“"dw (1.216)
T™J -7

WARNING: It is not uncommon to see the above formula written slightly different. One of the most
common differences is the way that the exponential is written. The above equations use the radial
frequency variable w in the exponential, where w = 27 f, but it is also common to include the more
explicit expression, i27 ft, in the exponential. Sometimes DTFT notation is expressed as F’ (ei‘”),
to make it clear that it is not a CTFT (which is denoted as F (£2)). Click here!® for an overview

of the notation used in Connexion’s DSP modules.

1.8.1.3 DTFT Definition demonstration

DTFT Definition

Systems [Gauss UnitBox ExpStep]

ik T —
Phase Changs 1) g Show Wave Equation E Show Fourier Equation ||
T Lo oy
£ ]l,r' 3] Z (f 1|_'7 ll }f i{ln
. =0
o .+'
10
R
H 0
|....;...¢r‘...1u....|t
-1 -5 5 I . . . ' 0
. . -1 5 /" s 10
N5 05
1ot =10

Figure 1.101: Click on the above thumbnail image (when online) to download an interactive Mathe-
matica Player demonstrating Discrete Time Fourier Transform. To Download, right-click and save target

as .cdf.

1.8.1.4 DTFT Summary

Because complex exponentials are eigenfunctions of LTI systems, it is often useful to represent signals using
a set of complex exponentials as a basis. The discrete time Fourier transform synthesis formula expresses a
discrete time, aperiodic function as the infinite sum of continuous frequency complex exponentials.

Fw)= Y flnJetem (1.217)

n=-—oo

100"DSP notation" <http://cnx.org/content/m10161/latest/>
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The discrete time Fourier transform analysis formula takes the same discrete time domain signal and
represents the signal in the continuous frequency domain.

fln]= % _Tr F (w) e dw (1.218)

1.8.2 Properties of the DTFT'™
1.8.2.1 Introduction

This module will look at some of the basic properties of the Discrete-Time Fourier Transform (Section 1.8.1)
(DTFT).

NOTE: We will be discussing these properties for aperiodic, discrete-time signals but understand
that very similar properties hold for continuous-time signals and periodic signals as well.

1.8.2.2 Discussion of Fourier Transform Properties
1.8.2.2.1 Linearity

The combined addition and scalar multiplication properties in the table above demonstrate the basic property
of linearity. What you should see is that if one takes the Fourier transform of a linear combination of signals
then it will be the same as the linear combination of the Fourier transforms of each of the individual signals.
This is crucial when using a table (Section 1.8.7) of transforms to find the transform of a more complicated
signal.

Example 1.28
We will begin with the following signal:

z[n] = afi[n] +bf2 [n] (1.219)

Now, after we take the Fourier transform, shown in the equation below, notice that the linear
combination of the terms is unaffected by the transform.

Z (w) = aFy (w) + bFs (w) (1.220)

1.8.2.2.2 Symmetry

Symmetry is a property that can make life quite easy when solving problems involving Fourier transforms.
Basically what this property says is that since a rectangular function in time is a sinc function in frequency,
then a sinc function in time will be a rectangular function in frequency. This is a direct result of the similarity
between the forward DTFT and the inverse DTFT. The only difference is the scaling by 27 and a frequency
reversal.

101 This content is available online at <http://cnx.org/content/m0506/2.8/>.
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1.8.2.2.3 Time Scaling

This property deals with the effect on the frequency-domain representation of a signal if the time variable
is altered. The most important concept to understand for the time scaling property is that signals that are
narrow in time will be broad in frequency and vice versa. The simplest example of this is a delta function,
a unit pulse'?? with a very small duration, in time that becomes an infinite-length constant function in
frequency.

The table above shows this idea for the general transformation from the time-domain to the frequency-
domain of a signal. You should be able to easily notice that these equations show the relationship mentioned
previously: if the time variable is increased then the frequency range will be decreased.

1.8.2.2.4 Time Shifting

Time shifting shows that a shift in time is equivalent to a linear phase shift in frequency. Since the frequency
content depends only on the shape of a signal, which is unchanged in a time shift, then only the phase
spectrum will be altered. This property is proven below:

Example 1.29
We will begin by letting z [n] = f [n — n]. Now let us take the Fourier transform with the previous
expression substituted in for z [n].

Z (w) :/jo fln—mnle®“@Mdn (1.221)

Now let us make a simple change of variables, where ¢ = n — . Through the calculations below,
you can see that only the variable in the exponential are altered thus only changing the phase in
the frequency domain.

Z(w) = [7 floletlotmmdy,
e~ [ flo]e” () do (1.222)
= e WDF (W)

1.8.2.2.5 Convolution

Convolution is one of the big reasons for converting signals to the frequency domain, since convolution in
time becomes multiplication in frequency. This property is also another excellent example of symmetry
between time and frequency. It also shows that there may be little to gain by changing to the frequency
domain when multiplication in time is involved.

We will introduce the convolution integral here, but if you have not seen this before or need to refresh your
memory, then look at the discrete-time convolution (Section 1.7.2) module for a more in depth explanation
and derivation.

yln] = (filn], f2[n])

(1.223)
= Zf,oz_oo fi[nl fa[n =]

1021 Elemental Signals": Section Pulse <http://cnx.org/content/m0004/latest/#pulsedef>
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1.8.2.2.6 Time Differentiation

Since LTT (Section 1.2.1) systems can be represented in terms of differential equations, it is apparent with
this property that converting to the frequency domain may allow us to convert these complicated differential
equations to simpler equations involving multiplication and addition. This is often looked at in more detail
during the study of the Z Transform'%?.

1.8.2.2.7 Parseval’s Relation

oo T

> sl = [ (F @)D (1.224)

n=-—o00 -

Parseval’s relation tells us that the energy of a signal is equal to the energy of its Fourier transform.

DTFT
fln] < » F(w)

Figure 1.102

1.8.2.2.8 Modulation (Frequency Shift)

Modulation is absolutely imperative to communications applications. Being able to shift a signal to a different
frequency, allows us to take advantage of different parts of the electromagnetic spectrum is what allows us
to transmit television, radio and other applications through the same space without significant interference.
The proof of the frequency shift property is very similar to that of the time shift (Section 1.8.2.2.4: Time
Shifting); however, here we would use the inverse Fourier transform in place of the Fourier transform. Since
we went through the steps in the previous, time-shift proof, below we will just show the initial and final step
to this proof:
1 [ -
z(t) = —/ F(w—¢)e“tdw (1.225)
27
Now we would simply reduce this equation through another change of variables and simplify the terms.
Then we will prove the property expressed in the table above:

— 00

z(t) = f(t) e (1.226)

1.8.2.3 Properties Demonstration

An interactive example demonstration of the properties is included below:

1031 The Laplace Transform" <http://cnx.org/content/m10110/latest />
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This media object is a LabVIEW VI. Please view or download it at
<CTFTSPlab.llb>

Figure 1.103: Interactive Signal Processing Laboratory Virtual Instrument created using NI's Labview.

1.8.2.4 Summary Table of DTFT Properties

Discrete-Time Fourier Transform Properties

Sequence Domain | Frequency Domain
Linearity a151 (n) + agsy (n) 1Sy (€27F) + ayS, (ei27f)
Conjugate Symmetry s(n) real S (e?7f) = W
Even Symmetry s(n) =s(-n) S (ei27rf) -9 (e—(iQTrf))
0Odd Symmetry s(n) = —s(—n) S (€i27rf) -9 (e—(i27rf))
Time Delay s(n—ngp) e—(i2mfno) g (ei27rf)
Multiplication b 1 dS(e”T)
ultiplication by n ns (n) o
Sum S s() 5 (e%)
Value at Origin 5(0) f_i S (e277) df
2
Parseval’s Theorem S (s(n)])? [2, (18 (e277) ‘)Qdf
2
Complex Modulation e?mfor s (n) S (eiQ"T(f*fo))
. . ST )4 5(ZFTFT0))
Amplitude Modulation | s(n)cos (27 fon) 5
) ST T=T0)— 5 (T TFT0))
s (n)sin (27w fon) 5

Table 1.5: Discrete-time Fourier transform properties and relations.

1.8.3 Discrete Time Fourier Transform Pair™

When we obtain the discrete-time signal via sampling an analog signal, the Nyquist frequency corresponds
to the discrete-time frequency % . To show this, note that a sinusoid at the Nyquist frequency ﬁ has a
sampled waveform that equals

Sinusoid at Nyquist Frequency 1/2T

cos (27 X inTs) = cos(mn
( 2T (n ) (1.227)
= (-1
The exponential in the DTFT at frequency % equals e T = p—(imn) — (—=1)" , meaning that the

correspondence between analog and discrete-time frequency is established:
Analog, Discrete-Time Frequency Relationship

Ip = faTs (1.228)

104This content is available online at <http://cnx.org/content/m0525,/2.7/>.
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where fp and fa represent discrete-time and analog frequency variables, respectively. The aliasing
figure'®® provides another way of deriving this result. As the duration of each pulse in the periodic sampling
signal pp, (t) narrows, the amplitudes of the signal’s spectral repetitions, which are governed by the Fourier
series coefficients of pr, () , become increasingly equal. %6 Thus, the sampled signal’s spectrum becomes
periodic with period =+ A . Thus, the Nyquist frequency 2T corresponds to the frequency 2 5 -

The inverse dlscrete time Fourier transform is easily derived from the following relationship:

3 _ . 1if m=n
/ e~ (2mfm) ginfngy — (1.229)
-1 0 if m#n
Therefore, we find that
1 . ) 1 ) )
f_Ql S (6127rf) ezQﬂfndf _ f_zl me s (m) ef(l27rfm)ez2ﬂ'fndf
2 2
= 3 s(m) [2, e-G@rD)m-n) g (1.230)
2
= s(n)
The Fourier transform pairs in discrete-time are
Fourier Transform Pairs in Discrete Time
S (™) = Z 5 (n) e~ 12T (1.231)
nn
Fourier Transform Pairs in Discrete Time
1
3 ) )
s(n) = / S (e’zwf) e ingf (1.232)

1

-3

1.8.4 DTFT Examples'”’

Example 1.30

Let’s compute the discrete-time Fourier transform of the exponentially decaying sequence s (n) =
a™u (n) , where u(n) is the unit-step sequence. Simply plugging the signal’s expression into the
Fourier transform formula,

Fourier Transform Formula

S (eiQﬂ‘f) _ ZOO au (n) ef(iQﬂ'fn)

= Xl (aem D))"

This sum is a special case of the geometric series.

Va,|a| < 1: <Zo¢ = a) (1.234)

105" The Sampling Theorem", Figure 2: aliasing <http://cnx.org/content/m0050/latest/#alias>

106 Examination of the periodic pulse signal reveals that as A decreases, the value of ¢y , the largest Fourier coefficient, decreases
to zero: |co| = % . Thus, to maintain a mathematically viable Sampling Theorem, the amplitude A must increase as % ,
becoming infinitely large as the pulse duration decreases. Practical systems use a small value of A , say 0.17 and use amplifiers
to rescale the signal.

107This content is available online at <http://cnx.org/content/m0524/2.11/>.

(1.233)

Geometric Series
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Thus, as long as |a| < 1, we have our Fourier transform.

; 1
227 f\ __
S (e”™) = o@D (1.235)

Using Euler’s relation, we can express the magnitude and phase of this spectrum.

S (e | = L (1.236)
\/(1 — acos (270 f))? + a2sin® (27 f)
27 = aretap [ S0 CT)
Z (S (e™*m)) t (1 — (%f)> (1.237)

No matter what value of a we choose, the above formulae clearly demonstrate the periodic
nature of the spectra of discrete-time signals. Figure 1.104 shows indeed that the spectrum is a
periodic function. We need only consider the spectrum between f% and % to unambiguously define

it. When a > 0 , we have a lowpass spectrum — the spectrum diminishes as frequency increases
from 0 to % — with increasing a leading to a greater low frequency content; for a < 0 , we have a

highpass spectrum (Figure 1.105).

2A|S(ei2ﬂf>|
11
—p f
-2 -1 0 1 2
AAS(eJ'an)
45 -
VAR VAR VARVEEE
-45 1

Figure 1.104: The spectrum of the exponential signal (a = 0.5) is shown over the frequency range
[—2,2], clearly demonstrating the periodicity of all discrete-time spectra. The angle has units of degrees.

Available for free at Connexions <http://cnx.org/content/col10631/1.3>



126 CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

Spectral Magnitude (dB)

=-0.5 \ »f

0.5

-45 a=05
a=0.9

Angle (degrees)
o

-90

Figure 1.105: The spectra of several exponential signals are shown. What is the apparent relationship
between the spectra for a = 0.5 and a = —0.5 7

Example 1.31
Analogous to the analog pulse signal, let’s find the spectrum of the length- N pulse sequence.

1if 0<n<N-1
s(n) = (1.238)
0 otherwise

The Fourier transform of this sequence has the form of a truncated geometric series.
N—1
S () = emtmim (1.239)
n=0
For the so-called finite geometric series, we know that

Finite Geometric Series
N+ng—1 N

n o 1 —
Y o« =" —— (1.240)

n=nogo

for all values of « .

Exercise 1.8.4.1 (Solution on p. 141.)
Derive this formula for the finite geometric series sum. The "trick" is to consider the difference
between the series’; sum and the sum of the series multiplied by « .

Applying this result yields (Figure 1.106.)

S(eiQﬂ'f) _ 1l—eZl2mIN)

1767(i27rf)
o(—(im f))(N—1) sin(r f N) (1.241)
sin(7 f)
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The ratio of sine functions has the generic form of BISI:IEJ(\;J)C) , which is known as the discrete-time sinc

function, dsinc (z) . Thus, our transform can be concisely expressed as S (e"2™/) = e(=("/)(N=Ddsinc (r f)
The discrete-time pulse’s spectrum contains many ripples, the number of which increase with N | the
pulse’s duration.
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Figure 1.106: The spectrum of a length-ten pulse is shown. Can you explain the rather complicated
appearance of the phase?

1.8.5 Discrete Fourier Transformation'”

1.8.5.1 N-point Discrete Fourier Transform (DFT)

N-1
XK =Y an) ek k={0,...,N —1}: (k={0,...,N —1}) (1.242)
l_N—l
xfn] =% > X[k n = {0,...,N =1} : (n={0,...,N — 1}) (1.243)
k=0

Note that:

e X [k] is the DTFT evaluated at w = 2%kVk,k = {0,...,N —1}: (k={0,...,N —1})
e Zero-padding z [n] to M samples prior to the DFT yields an M-point uniform sampled version of the
DTFT:

N-1

X (ei%’;k) _ Z x [n] e 5k (1.244)

n=0

108This content is available online at <http://cnx.org/content/m10421/2.11/>.
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(e i’;k) szp ] e~ 3k

X (evk) = X,p [K] Yk, k= {0,....M —1}: (k=1{0,...,M —1})
e The N-pt DFT is sufficient to reconstruct the entire DTFT of an N-pt sequence:

N—-1

X (e™) = Z z [n] (= (1.245)

n=0

N-1 N-1

1
X(euu - X 6 Nkn (—i)wn
n=0 N k=0
N-—-1 1 N-—-1 ( , )
X (eiw) X U{)] - 6(71) w—=Fk)n
k=0 N k=0
N—-1 : N—27k
1 sm(“’ ) _ _2rp\N-1
X (et X[k . : - 6( z)(w k) 5 )
() k=0 N <sm( BRE)

0 2pi/N 4pi/N 2pi

sin( @
Figure 1.107: Dirichlet sinc, + ((3))
sin ?

e The DFT has a convenient matrix representation. Defining Wy = e~ %,

X [0] WY WS Wl WY ... 2 [0]
X1 Wy Wi Wi OWE ... z[1
SR I B B B ! (1210
: Wy W Wi WS L. :
X [N —1] : : : Do z[N —1]

where X = W (z) respectively. W has the following properties:
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W is Vandermonde: the nth column of W is a polynomial in Wg
W is symmetric: W = W7

ﬁW is unitary: (ﬁW) (ﬁW)H = (ﬁW)H (\/%W) =1
~W =W~ the IDFT matrix.

e For N a power of 2, the FFT can be used to compute the DFT using about %loggN rather than N2
operations.

N | Jlog,N | N?
16 32 256
64 192 4096
256 | 1024 65536
1024 | 5120 | 1048576

Table 1.6

1.8.6 Discrete Fourier Transform (DFT)"™

The discrete-time Fourier transform (and the continuous-time transform as well) can be evaluated when we
have an analytic expression for the signal. Suppose we just have a signal, such as the speech signal used
in the previous chapter, for which there is no formula. How then would you compute the spectrum? For
example, how did we compute a spectrogram such as the one shown in the speech signal example''9? The
Discrete Fourier Transform (DFT) allows the computation of spectra from discrete-time data. While in
discrete-time we can exactly calculate spectra, for analog signals no similar exact spectrum computation
exists. For analog-signal spectra, use must build special devices, which turn out in most cases to consist of
A /D converters and discrete-time computations. Certainly discrete-time spectral analysis is more flexible
than continuous-time spectral analysis.

The formula for the DTFT!!! is a sum, which conceptually can be easily computed save for two issues.

e Signal duration. The sum extends over the signal’s duration, which must be finite to compute the
signal’s spectrum. It is exceedingly difficult to store an infinite-length signal in any case, so we’ll
assume that the signal extends over [0, N — 1].

e Continuous frequency. Subtler than the signal duration issue is the fact that the frequency variable
is continuous: It may only need to span one period, like [—3, 3] or [0, 1], but the DTFT formula as it
stands requires evaluating the spectra at all frequencies within a period. Let’s compute the spectrum
at a few frequencies; the most obvious ones are the equally spaced ones f = %, ke{0,...,K —1}.

We thus define the discrete Fourier transform (DFT) to be

N-1

Vi, ke {0,...,K —1}: <S(k)::j£:s(n)elﬁ?k> (1.247)
n=0

Here, S (k) is shorthand for S (eiz’f%).

We can compute the spectrum at as many equally spaced frequencies as we like. Note that you can think
about this computationally motivated choice as sampling the spectrum; more about this interpretation later.

109This content is available online at <http://cnx.org/content/m10249/2.28/>.
110mModeling the Speech Signal", Figure 5: spectrogram <http://cnx.org/content/m0049/latest/#spectrogram>>
HinDiscrete-Time Fourier Transform (DTFT)", (1) <http://cnx.org/content/m10247 /latest/#eqnl>
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The issue now is how many frequencies are enough to capture how the spectrum changes with frequency.
One way of answering this question is determining an inverse discrete Fourier transform formula: given S (k),
k=1{0,...,K — 1} how do we find s (n), n ={0,...,N — 1}? Presumably, the formula will be of the form

s(n) = YR 'S (k) e™%* . Substituting the DFT formula in this prototype inverse transform yields
K-1N-1 .
s 2mmk ;2mnk
s(n) = Z Z s(m) e (125%) i 252 (1.248)
k=0 m=0

M)el%: K if (m:{n,n:I:K,n:I:QK,}) (1249)
P 0 otherwise

We obtain nonzero value whenever the two indices differ by multiples of K. We can express this result as
K3, 0 (m—n—I1K). Thus, our formula becomes

N-1 ')
s(n)=> sm)K Y d(m—n-IK) (1.250)
m=0 l=—00
The integers n and m both range over {0,..., N —1}. To have an inverse transform, we need the sum

to be a single unit sample for m, n in this range. If it did not, then s(n) would equal a sum of values,
and we would not have a valid transform: Once going into the frequency domain, we could not get back
unambiguously! Clearly, the term [ = 0 always provides a unit sample (we’ll take care of the factor of K
soon). If we evaluate the spectrum at fewer frequencies than the signal’s duration, the term corresponding
to m = n+ K will also appear for some values of m, n = {0,..., N — 1}. This situation means that our
prototype transform equals s (n) + s(n + K) for some values of n. The only way to eliminate this problem
is to require K > N: We must have at least as many frequency samples as the signal’s duration. In this
way, we can return from the frequency domain we entered via the DFT.

Exercise 1.8.6.1 (Solution on p. 141.)

When we have fewer frequency samples than the signal’s duration, some discrete-time signal values
equal the sum of the original signal values. Given the sampling interpretation of the spectrum,
characterize this effect a different way.

Another way to understand this requirement is to use the theory of linear equations. If we write out the
expression for the DFT as a set of linear equations,

s(0)+s(1)+--+s(N—1)=S5(0) (1.251)
s(0)+5(1)eCIF 4 b s (N —1)e D5 = 501)
$(0)+5(1)eDTH 44 g (N = 1) eCITEREE — gk 1)

we have K equations in N unknowns if we want to find the signal from its sampled spectrum. This require-
ment is impossible to fulfill if K < N; we must have K > N. Our orthogonality relation essentially says that
if we have a sufficient number of equations (frequency samples), the resulting set of equations can indeed be
solved.

By convention, the number of DFT frequency values K is chosen to equal the signal’s duration N. The
discrete Fourier transform pair consists of
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Discrete Fourier Transform Pair

o N-1 — (1
S(k) - Zn:O 5 (TL) € ( ) (1252)

Example 1.32

Use this demonstration to perform DFT analysis of a signal.
This media object is a LabVIEW VI. Please view or download it at
<DFTanalysis.llb>

Example 1.33

Use this demonstration to synthesize a signal from a DFT sequence.
This media object is a LabVIEW VI. Please view or download it at
<DFT Component Manipulation.llb>

1.8.7 Common Fourier Transforms'"’

1.8.7.1 Common CTFT Properties

Time Domain Signal Frequency Domain Signal Condition
ey (t) a_&iw a>0
ey (—t) S a>0
e—(alt]) % a>0
te=(@q (1) m a>0
tre=(ay (1) W a>0
0 (t) 1

1 270 (w)

elwol 276 (w — wp)

cos (wot) 7 (6 (w—wo) + 6 (w + wp))

sin (wot) i (0 (w+wp) — 6 (w—wp))

u (t) T (w) + =

sgn (t) 2

cos (wot) u (t) 5 (6 (w—wo) + 0 (w+wop)) +

w
UJUQ—UJQ

continued on next page

12 This content is available online at <http://cnx.org/content/m10099/2.12/>.
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sin (wot) u (t) 7 (0(w—wo) —d(w+woy) +

e~ (®gin (wot) u (1) (a-&-z:)}igﬂzoz a>0
e~ cos (wot) u () Mié“jrwoz a>0
u(lt+7)—u(t—r1) 27‘% = 27sinc (wt)

“o Sinsgdft) = “sinc (wo) u(w+wp) — u(w —wp)

(T @) (D) 7| e ()

triag (2“’70)

ZZO:_OO 0 (t—nT) wo ZZO:_OO 0 (w — nwp) wp = 2%
67;7 oV2me~ 0252
Table 1.7

triag[n] is the triangle function for arbitrary real-valued n.
1+n if-1<n<0
triagln] = { 1—-n if0<n<1

0 otherwise

1.8.8 Linear Constant Coefficient Difference Equations'"”

1.8.8.1 Introduction: Difference Equations

In our study of signals and systems, it will often be useful to describe systems using equations involving
the rate of change in some quantity. In discrete time, this is modeled through difference equations, which
are a specific type of recurrance relation. For instance, recall that the funds in an account with discretely
componded interest rate r will increase by r times the previous balance. Thus, a discretely compounded
interest system is described by the first order difference equation shown in (1.253).

y(n)=Q0+ryn-1) (1.253)

Given a sufficiently descriptive set of initial conditions or boundary conditions, if there is a solution to the
difference equation, that solution is unique and describes the behavior of the system. Of course, the results
are only accurate to the degree that the model mirrors reality.

1.8.8.2 Linear Constant Coefficient Difference Equations

An important subclass of difference equations is the set of linear constant coefficient difference equations.
These equations are of the form

Cy(n) = f(n) (1.254)

113 This content is available online at <http://cnx.org/content/m12325/1.5/>.
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where C' is a difference operator of the form given

C=cyDV 4+ ey 1DV 41D+ co (1.255)

in which D is the first difference operator

D(y(n))=y(n)—ym-1). (1.256)

Note that operators of this type satisfy the linearity conditions, and cy, ..., ¢, are real constants.

However, (1.254) can easily be written as a linear constant coefficient recurrence equation without differ-
ence operators. Conversely, linear constant coefficient recurrence equations can also be written in the form
of a difference equation, so the two types of equations are different representations of the same relationship.
Although we will still call them linear constant coefficient difference equations in this course, we typically
will not write them using difference operators. Instead, we will write them in the simpler recurrence relation
form

N M
> ary(n—k)=> bz (n—k) (1.257)
k=0 k=0

where z is the input to the system and y is the output. This can be rearranged to find y (n) as

1 N M
y(n)=— <Zaky (n—k)+> bw (nk)> (1.258)
%o k=1 k=0

The forms provided by (1.257) and (1.258) will be used in the remainder of this course.

A similar concept for continuous time setting, differential equations, is discussed in the chapter on time
domain analysis of continuous time systems. There are many parallels between the discussion of linear
constant coefficient ordinary differential equations and linear constant coefficient differece equations.

1.8.8.3 Applications of Difference Equations

Difference equations can be used to describe many useful digital filters as described in the chapter discussing
the z-transform. An additional illustrative example is provided here.

Example 1.34

Recall that the Fibonacci sequence describes a (very unrealistic) model of what happens when a
pair rabbits get left alone in a black box... The assumptions are that a pair of rabits never die
and produce a pair of offspring every month starting on their second month of life. This system is
defined by the recursion relation for the number of rabit pairs y (n) at month n

y(n)=yn-1)+y(n-2) (1.259)

with the initial conditions y (0) = 0 and y (1) = 1. The result is a very fast growth in the sequence.
This is why we do not open black boxes.

1.8.8.4 Linear Constant Coefficient Difference Equations Summary

Difference equations are an important mathematical tool for modeling discrete time systems. An important
subclass of these is the class of linear constant coefficient difference equations. Linear constant coefficient
difference equations are often particularly easy to solve as will be described in the module on solutions to
linear constant coefficient difference equations and are useful in describing a wide range of situations that
arise in electrical engineering and in other fields.
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1.8.9 Solving Linear Constant Coefficient Difference Equations'"’
1.8.9.1 Introduction

The approach to solving linear constant coefficient difference equations is to find the general form of all
possible solutions to the equation and then apply a number of conditions to find the appropriate solution.
The two main types of problems are initial value problems, which involve constraints on the solution at several
consecutive points, and boundary value problems, which involve constraints on the solution at nonconsecutive
points.

The number of initial conditions needed for an Nth order difference equation, which is the order of the
highest order difference or the largest delay parameter of the output in the equation, is N, and a unique
solution is always guaranteed if these are supplied. Boundary value probelms can be slightly more complicated
and will not necessarily have a unique solution or even a solution at all for a given set of conditions. Thus,
this section will focus exclusively on initial value problems.

1.8.9.2 Solving Linear Constant Coefficient Difference Equations

Consider some linear constant coefficient difference equation given by Ay(n) = f(n), in which A is a
difference operator of the form

A=axD" +any 1DV '+ .. +a1D+a (1.260)

where D is the first difference operator

D(y(n)=y(n)—yn—-1). (1.261)

Let y;, (n) and y, (n) be two functions such that Ay (n) = 0 and Ay, (n) = f(n). By the linearity of
A, note that L (yn (n) +yp (n)) = 0+ f(n) = f(n). Thus, the form of the general solution y, (n) to any
linear constant coefficient ordinary differential equation is the sum of a homogeneous solution yj (n) to the
equation Ay (n) =0 and a particular solution y, (n) that is specific to the forcing function f (n).

We wish to determine the forms of the homogeneous and nonhomogeneous solutions in full generality in
order to avoid incorrectly restricting the form of the solution before applying any conditions. Otherwise, a
valid set of initial or boundary conditions might appear to have no corresponding solution trajectory. The
following sections discuss how to accomplish this for linear constant coefficient difference equations.

1.8.9.2.1 Finding the Homogeneous Solution
In order to find the homogeneous solution to a difference equation described by the recurrence relation
Z,IC\[:O ary (n — k) = f(n), consider the difference equation ZkN=0 ary (n — k) = 0. We know that the solu-

tions have the form c¢A™ for some complex constants ¢, A. Since Zszo arcA" % = 0 for a solution it follows
that

N
AN T AV TE =0 (1.262)
k=0
so it also follows that
ao\Y + ... +an = 0. (1.263)

Therefore, the solution exponential are the roots of the above polynomial, called the characteristic polyno-
mial.

114This content is available online at <http://cnx.org/content/m12326/1.6/>.
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For equations of order two or more, there will be several roots. If all of the roots are distinct, then the
general form of the homogeneous solution is simply

Y (n) = a1 AT + ... + 2 A5, (1.264)

If a root has multiplicity that is greater than one, the repeated solutions must be multiplied by each power
of n from 0 to one less than the root multipicity (in order to ensure linearly independent solutions). For
instance, if A; had a multiplicity of 2 and Ay had multiplicity 3, the homogeneous solution would be

yn (n) = AT 4 con\? + 3 AT + c4n\y + csn?\y. (1.265)

Example 1.35

Recall that the Fibonacci sequence describes a (very unrealistic) model of what happens when a
pair rabbits get left alone in a black box... The assumptions are that a pair of rabits never die
and produce a pair of offspring every month starting on their second month of life. This system is
defined by the recursion relation for the number of rabit pairs y (n) at month n

y(n)—y(n—1)-y(n—-2)=0 (1.266)

with the initial conditions y (0) = 0 and y (1) = 1.
Note that the forcing function is zero, so only the homogenous solution is needed. It is easy to
see that the characteristic polynomial is A2 — A — 1 = 0, so there are two roots with multiplicity

one. These are \; = 1+2‘/5 and \g = 1’2\/5. Thus, the solution is of the form

y(n) =c <1 +2‘/3> + ¢ <1 2‘/5> : (1.267)

Using the initial conditions, we determine that

=S

¢ = (1.268)

and

Cr = 7?' (1.269)
Hence, the Fibonacci sequence is given by

y(n)_\/g<1+\/g> ?5(1\/3> : (1.270)

1.8.9.2.2 Finding the Particular Solution

Finding the particular solution is a slightly more complicated task than finding the homogeneous solution. It
can be found through convolution of the input with the unit impulse response once the unit impulse response
is known. Finding the particular solution ot a differential equation is discussed further in the chapter
concerning the z-transform, which greatly simplifies the procedure for solving linear constant coefficient
differential equations using frequency domain tools.
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Example 1.36
Consider the following difference equation describing a system with feedback

yn)—ay(n—1)=2a(n). (1.271)
In order to find the homogeneous solution, consider the difference equation
y(n)—ay(n—1)=0. (1.272)

It is easy to see that the characteristic polynomial is A — a = 0, so A = a is the only root. Thus
the homogeneous solution is of the form

yn (n) = cra™. (1.273)

In order to find the particular solution, consider the output for the z (n) = § (n) unit impulse case

yn)—ay(n—1)=20(n). (1.274)
By inspection, it is clear that the impulse response is a™u (n). Hence, the particular solution for a
given x (n) is

yp (n) =z (n) * (a"u(n)). (1.275)

Therefore, the general solution is

Yo (n) = yn (n) +yp (n) = cra” + x (n) * (a"u(n)). (1.276)

Initial conditions and a specific input can further tailor this solution to a specific situation.

1.8.9.3 Solving Difference Equations Summary

Linear constant coefficient difference equations are useful for modeling a wide variety of discrete time systems.
The approach to solving them is to find the general form of all possible solutions to the equation and then
apply a number of conditions to find the appropriate solution. This is done by finding the homogeneous
solution to the difference equation that does not depend on the forcing function input and a particular
solution to the difference equation that does depend on the forcing function input.
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1.9 Viewing Embedded LabVIEW Content"”’

In order to view LabVIEW content embedded in Connexions modules, you must install the LabVIEW Run-
time Engine on your computer. The following are sets of instructions for installing the software on different

platforms.

NOTE: Embedded LabVIEW content is currently supported only under Windows 2000/XP. Also,
you must have version 8.0.1 of the LabView Run-time Engine to run much of the embedded content

in Connexions.

115This content is available online at <http://cnx.org/content/m13753,/1.3/>.
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CHAPTER 1. SIGNALS AND SYSTEMS IN COMMUNICATIONS

.9.1 Installing the LabVIEW Run-time Engine on Microsoft Windows 2000/XP

Point your web browser to the LabVIEW Run-time Engine download page at:
http://digital.ni.com/softlib.nsf/websearch /077b51e8d15604bd8625711c006240e 7116 .

If you're not logged in to NI, click the link to continue the download process at the bottom of the page.

Login or create a profile with NI to continue.

Once logged in, click the LabVIEW_8.0.1_Runtime_Engine.exe link and save the file to disk.

Once the file has downloaded, double click it and follow the steps to install the run-time engine.

Download the LabVIEW Browser Plug-in at: http://zone.ni.com/devzone/conceptd.nsf/webmain /7DBFD404C6ADOB:

Put the LVBrowserPlugin.ini file in the My Documents\LabVIEW Data folder. (You may have to
create this folder if it doesn’t already exist.)
Restart your web browser to complete the installation of the plug-in.

16http://digital.ni.com/softlib.nsf/websearch /077b51e8d15604bd8625711c006240e7
HThttp://zone.ni.com/devzone/conceptd.nsf/webmain /7TDBFD404C6 AD0B24862570BB0072F83B/$FILE /LVBrowserPlugin.ini
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Solutions to Exercises in Chapter 1

Solution to Exercise 1.4.2.1 (p. 40)
Because of Euler’s relation,

1 . 1 ,
sin (27 ft) = Zeﬂ”ft - 267(22”%) (1.277)
Thus, ¢ = %, c_1= —%, and the other coefficients are zero.

Solution to Exercise 1.4.2.2 (p. 43)

co = %. This quantity clearly corresponds to the periodic pulse signal’s average value.

Solution to Exercise 1.4.3.1 (p. 44)

Write the coefficients of the complex Fourier series in Cartesian form as ¢, = Ay + iBy and substitute into
the expression for the complex Fourier series.

o0

Z Ckei% = Z (Ak-f—in)ei%;"kt

k=—00 k=—c0

Simplifying each term in the sum using Euler’s formula,

2nkt

(A +iBy)e™ T = (Ap +1iBy) (cos (25) + isin (24F))
= Acos (Q”Tkt) — Bysin (2%]“) + i (Apsin (z%kt) + Bj.cos (Q%kt))

We now combine terms that have the same frequency index in magnitude. Because the signal is real-
valued, the coefficients of the complex Fourier series have conjugate symmetry: c_p = ¢ or A_; = Ay and
B_j; = —Bjy,. After we add the positive-indexed and negative-indexed terms, each term in the Fourier series
becomes 2Ajcos (2HL) — 2Bysin (225). To obtain the classic Fourier series (1.97), we must have 24, = ay,
and 2Bk = —bk.

Solution to Exercise 1.4.3.2 (p. 45)

The average of a set of numbers is the sum divided by the number of terms. Viewing signal integration as
the limit of a Riemann sum, the integral corresponds to the average.

Solution to Exercise 1.4.3.3 (p. 45)

We found that the complex Fourier series coefficients are given by c; = % The coefficients are pure
imaginary, which means ay = 0. The coeflicients of the sine terms are given by by, = — (23 (¢x)) so that

4 & odd

0 if & even

b =

Thus, the Fourier series for the square wave is

sq(t) = Y ;Csin<27;kt) (1.278)

ke{1,3,...}

Solution to Exercise 1.4.4.1 (p. 47)

The rms value of a sinusoid equals its amplitude divided by v/22. As a half-wave rectified sine wave is zero
during half of the period, its rms value is é since the integral of the squared half-wave rectified sine wave
equals half that of a squared sinusoid.

Solution to Exercise 1.4.4.2 (p. 48)

oo 2 2
Total harmonic distortion equals Z’jfffkb;l”‘ Clearly, this quantity is most easily computed in the fre-
quency domain. However, the numerator equals the square of the signal’s rms value minus the power in the
average and the power in the first harmonic.

Solution to Exercise 1.4.5.1 (p. 51)

Total harmonic distortion in the square wave is 1 — %(%)2 = 20%.
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Solution to Exercise 1.4.6.1 (p. 54)

N signals directly encoded require a bandwidth of £. Using a binary representation, we need %. For
N = 128, the binary-encoding scheme has a factor of 155 = 0.05 smaller bandwidth. Clearly, binary encoding
is superior.

Solution to Exercise 1.4.6.2 (p. 54)

We can use N different amplitude values at only one frequency to represent the various letters.
Solution to Exercise 1.4.7.1 (p. 57)

Because the filter’s gain at zero frequency equals one, the average output values equal the respective average
input values.

Solution to Exercise 1.4.8.1 (p. 59)

FEW = [ se g = [ st —s(-
Solution to Exercise 1.4.8.2 (p. 59)

F(F(F(F(s(t))) = s(t). We know that F(S(f)) = [ S(f)e @2 af = [ S(f)e? I =0df =
s(—t). Therefore, two Fourier transforms applied to s(t) yields s (—t). We need two more to get us back
where we started.

Solution to Exercise 1.4.8.3 (p. 61)
The signal is the inverse Fourier transform of the triangularly shaped spectrum, and equals s(t) =
. 2
W ( smTE'l‘;VVIt/t) )
Solution to Exercise 1.4.8.4 (p. 62)

The result is most easily found in the spectrum’s formula: the power in the signal-related part of z (¢) is
half the power of the signal s (¢).

Solution to Exercise 1.4.9.1 (p. 63)

The inverse transform of the frequency response is %e‘ﬁu (t). Multiplying the frequency response by
1 — e~ (27fA) means subtract from the original signal its time-delayed version. Delaying the frequency
response’s time-domain version by A results in R—lcef(lt{cm u (t — A). Subtracting from the undelayed signal
yields %e%u (t)—pge = et (t — A). Now we integrate this sum. Because the integral of a sum equals the
sum of the component integrals (integration is linear), we can consider each separately. Because integration
and signal-delay are linear, the integral of a delayed signal equals the delayed version of the integral. The
integral is provided in the example (1.130).

Solution to Exercise 1.5.1.1 (p. 81)

In order to calculate the Fourier transform, all we need to use is (1.138) (Continuous-Time Fourier Trans-
form), complex exponentials (Section 1.1.5), and basic calculus.

FQ) = [Z ft)eat
fooo e—(at) o —(EQ) gy
I el=Dati) gy

O —

(1.279)

—1
a+1Q
1
o+ i)

F(Q) = (1.280)

Solution to Exercise 1.5.1.2 (p. 81)
Here we will use (1.139) (Inverse CTFT) to find the inverse FT given that ¢ # 0.

M .
z(t) = 3= [y et 20 40
%ei(ﬂ’t)\g,sz:eiw (1.281)

= Lsin (M)
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(1.282)

The indices can be negative, and this condition is not allowed in MATLAB. To fix it, we must start the

signals later in the array.
Solution to Exercise 1.7.1.2 (p. 102)
Such terms would require the system to know what future input

current value was computed. Thus, such terms can cause difficulties.

Solution to Exercise 1.7.3.1 (p. 115)

undefined k=0
ar = { 1 5in°[Z k]
)
Solution to Exercise 1.8.4.1 (p. 126)

otherwise

N+ng—1 N+ng—1
« E a” — E a™ = Nt
n=ngo n=ngo

which, after manipulation, yields the geometric sum formula.
Solution to Exercise 1.8.6.1 (p. 130)
This situation amounts to aliasing in the time-domain.

or output values would be before the

—a™ (1.283)
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